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Abstract 
There are a number of clinical guidelines and studies about hospital-acquired 
catheter-associated urinary tract infections (CAUTIs), but the rate of CAUTI occurrence 
is still rising. Hospitals are focusing on preventing hospital-acquired CAUTI, as the 
Centers for Medicare and Medicaid Services (CMS) does not provide payment for 
hospital-acquired infections anymore. There is a need to explore additional factors 
associated with hospital-acquired CAUTI and develop a predictive model to detect 
patients at high risk. 
 This study developed a predictive model for hospital-acquired CAUTIs using 
electronic health records (EHRs) and nurse staffing data from multiple data sources. 
Research using large amounts of data could provide additional knowledge about hospital-
acquired CAUTI. The first aim of the study was to create a quality, de-identified dataset 
combining multiple data sources for machine learning tasks. To address the first aim of 
the study, three datasets were combined into a single dataset. After integrating the 
datasets, data were cleaned and prepared for analysis. The second aim of the study was to 
develop and evaluate predictive models to find the best predictive model for hospital-
acquired CAUTI. For the second aim of the study, three predictive models were created 
using the following data mining method: decision trees (DT), logistic regression (LR), 
and support vector machine (SVM). The models were evaluated and DT model was 
determined as the best predictive model for hospital-acquired CAUTI.  
 The findings from this study have presented factors associated with hospital-
acquired CAUTI. The study results demonstrated that female gender, old adult (≥56), 
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Charlson comorbidity index score ≥ 3, longer length of stay, glucose lab result > 200 
mg/dl, present of rationale for continued use of catheter, higher percent of direct care 
RNs with associate’s degree in nursing, less total nursing hours per patient day, and lower 
percent of direct care RNs with specialty nursing certification was related to CAUTI 
occurrence. 
 Implications for future research include the use of different analytic software to 
investigate detailed results for LR model, adding more factors associated with CAUTI in 
modeling, using a larger sample with more patients with CAUTI, and patient outcomes 
research using nursing-sensitive indicators. This study has important implications for 
nursing practice. According to the study results, nurse specialty certification, nurse’s 
education at the baccalaureate level or higher, and more nursing hours per patient day 
were associated with better patient outcomes. Therefore, considerable efforts are needed 
to promote possession of nurse specialty certification and higher level of nursing 
education, as well as enough supply of nursing workforce. 
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CHAPTER I 
INTRODUCTION 
In the United States, health care-associated infections (HAIs) are a major threat to 
patient safety (Kohn, Corrigan, & Donaldson, 2010). HAIs are defined as infections that 
patients acquire in a health care facility while receiving health care treatment for other 
conditions (CDPH, 2016). Specifically, hospital-acquired HAIs are called nosocomial 
infections. Nosocomial infections are closely related to patient outcomes such as 
morbidity and mortality, and often result in higher costs of treatment. Approximately 2 
million patients in the United States have HAIs, and about 90,000 are estimated to die 
from an HAI annually (Stone, 2009). There were approximately 722,000 HAIs in U.S. 
hospitals in 2011, and about 75,000 patients with HAIs died during hospitalizations 
(Magill et al., 2014; Shang, Stone, & Larson, 2015). There is also a substantial economic 
impact by nosocomial infection with financial burden estimated $28 - $45 billion per year 
(Scott, 2009). 
The Office of Disease Prevention and Health Promotion (ODPHP) reported that 
the four major nosocomial infections are urinary tract infections (UTIs), surgical site 
infections, bloodstream infections, and pneumonia (ODPHP, 2016). According to a 
recent study, nosocomial UTIs are the most common type of HAIs reported to the 
National Healthcare Safety Network (NHSN) and account for up to 40% of nosocomial 
infections and 23% of infections in intensive care units (ICUs) (Chenoweth & Saint, 2013; 
Lo et al., 2008). In the United States, UTIs are responsible for 7 million clinic visits 
annually, with costs exceeding $1.6 billion (Sheerin, 2011). UTIs are developed by such 
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microbes as fungi, viruses, and bacteria (NIH, 2012). The term UTI is applied to any 
infection in the urinary tract and presence of bacteria in the urine (Lee & Neild, 2007). 
The most common cause of infection is Escherichia coli. 
A large portion of hospital-acquired UTIs are related to the use of indwelling 
urinary catheters (Chenoweth & Saint, 2013; Saint et al., 2008).  At some point during 
hospitalization, 12- 16% percent of adult hospitalized patients have an indwelling urinary 
catheter (Lo et al., 2014). The Centers for Disease Control and Prevention (CDC) 
estimated the number of catheter-associated UTIs (CAUTIs) is 561,677 and the number 
of deaths caused by CAUTIs is 8,205 annually (Stone, 2009). In 2007, 139,000 CAUTIs 
occurred in U.S. hospitals and resulted in about $ 131 million in direct medical costs 
nationwide annually (CDC/NHSN, 2016; Chenoweth & Saint, 2013; Gokula, Smith, & 
Hickner, 2007). Some researchers have argued that CAUTI is the most common type of 
HAI, accounting for more than 30% of nosocomial infections (Alexaitis & Broome, 
2014; Klevens et al., 2007).  
However, a 2015 report from the CDC showed that CAUTI incidents have been 
increased by 6% between 2009 and 2013 (CDC, 2015a). Although many studies during 
the past decades identified risk factors and strategies to lower CAUTI incidents, it is still 
a prevalent nosocomial infection (Tambyah, 2015). A significant number of nosocomial 
infections are preventable, including CAUTIs (Krein, Kowalski, Hofer, & Saint, 2012; 
Stone, 2009). The National Quality Forum (NQF) emphasized preventing HAIs as a key 
focus for patient safety (NQF, 2011).  
 A recent incentive program driven by the Centers for Medicare and Medicaid 
   3 
 
Services (CMS) for adoption of certified electronic health records (EHRs) and 
meaningful use has led to wide implementation of EHRs. Starting in 2008, the CMS no 
longer reimburses hospitals for hospital-acquired conditions such as CAUTI, which has 
resulted in hospitals being more cautious about HAIs and focusing on prevention. 
Implementation and use of EHRs enabled collecting vast amounts of data in a 
standardized format; the amount of data has allowed conducting large-scale research for 
prevention recommendations, predictive studies, and clinical reports.  
Significance of CAUTI 
 The CDC estimated that 75% of UTIs are attributable to the use of indwelling 
urinary catheters and 95% of UTIs occurred in ICUs ( CDC/NHSN, 2016; Chenoweth & 
Saint, 2013; Nicolle, 2012). The CDC defines an indwelling urinary catheter as a 
drainage tube that is inserted into the urinary bladder through the urethra, left in place, 
and connected to a closed collection system (CDC/NHSN, 2016). The use of an 
indwelling urinary catheter is often essential for inpatient care. However, the use of an 
indwelling urinary catheter leads to a critical risk of CAUTIs. It has been reported that 
CAUTIs are associated with increased morbidity, mortality, health care costs, and length 
of hospital stay (Burton, Edwards, Srinivasan, Fridkin, & Gould, 2011). A CAUTI occurs 
when bacteria enter the urinary tract through the urinary catheter and cause an infection. 
Most bacteria causing CAUTI enter the bladder by ascending the urethra from the 
perineum (Chenoweth & Saint, 2011). Most CAUTIs are asymptomatic; but if they are 
symptomatic, the infection can lead to bladder discomfort, dysuria, and fever (Palmer, 
Lee, Dutta-Linn, Wroe, & Hartmann, 2013). 
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 Clinical guidelines for CAUTI recommend that catheters should be used only when 
needed and removed as soon as possible; when placed, sterile equipment and proper 
aseptic technique should be used by trained personnel, and a sterile, closed, unobstructed 
drainage system should be always maintained (CDC, 2015a). Some studies reported that 
nurse-driven catheter interventions and education of staff on CAUTI can reduce the 
duration of urinary catheterization or incidence of CAUTI (Fuchs, Sexton, Thornlow, & 
Champagne, 2011; Oman et al., 2012; Topal et al., 2005). 
 The duration of the catheterization period is the most dominant related factor for 
CAUTI. The duration of catheterization should be minimized especially for those who 
are at high risk, such as women, elderly persons, and patients with impaired immunity 
(Gould et al., 2010). If the catheteriation period is too long, CAUTIs are inevitable 
because biofilm formations from microbes occur and these are less susceptible to 
antibiotics (Lo et al., 2008). Bacteriuria develops quickly at an average daily rate of 5% 
per day of catheterization (Chenoweth & Saint, 2013). After 17 days of catheterization, 
90% of patients have bacteriuria (Lee & Neild, 2007). If an indwelling urinary catheter 
has been in place for longer than 2 weeks at the onset of the UTI and is still indicated, the 
catheter should be replaced to reduce the risk of subsequent catheter-associated infection 
(Hooton et al., 2010).  
 Other risk factors associated with CAUTI are female gender, severe underlying 
illness, nonsurgical disease, being over 50 years old, diabetes mellitus, serum creatinine 
level greater than 2 mg/dL, duration of catheterization, adherence to aseptic catheter care, 
catheter insertion after the sixth day of hospitalization, and catheter insertion outside the 
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operating room (Chenoweth & Saint, 2013). 
 Appropriate indications for indwelling urinary catheter use include acute anatomic 
or functional urinary retention or obstruction, urinary incontinence in the setting of open 
perineal or sacral wounds, perioperative use for selected surgical procedures, accurate 
monitoring of urine output of unstable patients, improving comfort for end-of-life care, or 
patient preference (Gould et al., 2010; Saint & Chenoweth, 2003). The 2009 Infectious 
Diseases Society of America (IDSA) guidelines for CAUTIs stated that an indwelling 
catheter may be used at the patient’s request in exceptional cases and when other 
approaches to incontinence management have been ineffective (Hooton et al., 2010). 
 Hospital-acquired CAUTIs has been targeted as a ‘never event’ for complete 
elimination (Cardo et al., 2010). If a CAUTI diagnosis code does not have a “present-on-
admission” indicator, which means the patient did not have a CAUTI when admitted but 
acquired it during hospitalization, then CMS does not provide payment for that. 
Therefore, hospitals face the challenge of implementing evidence-based guidelines to 
prevent hospital-acquired CAUTIs. Prevention has become a priority for most hospitals, 
as 65 - 70% of CAUTIs are estimated to be preventable (Umscheid et al., 2011).  
Nursing-Sensitive Indicators and Nurse-Staffing Data 
 The American Nurses Association (ANA) stated that nurses are the largest direct 
health care workforce affecting patient outcomes (Montalvo, 2008). A CAUTI is one of 
the nursing-sensitive outcomes defined by the ANA. Nursing-sensitive outcomes are 
defined as changes in health status when nursing care has had a direct influence; nursing-
sensitive outcome indicators show correlations between nurses’ intervention patients 
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have received and how these affect changing health statuses (International Council of 
Nurses, 2009). Nursing-sensitive indicators are strongly influenced by the care that 
nurses provide and can effectively demonstrate that nurses make critical, cost-effecting 
differences in patient’s health outcome. 
 As nurses are frontline bedside care providers and have become the largest segment 
of the U.S. health care workforce, patient outcomes are directly influenced by nurse 
staffing levels and nurses’ capabilities (Shang et al., 2015; Stone, Pogorzelska, Kunches, 
& Hirschhorn, 2008). The nursing profession plays an important role in preventing and 
controlling nosocomial infections including CAUTIs. The quality of nursing care is 
related to nurse staffing and better nurse staffing is recommended to improve patient 
outcomes (Kane, Shamliyan, Mueller, Duval, & Wilt, 2007). Several studies have 
reported that a higher nurse staffing level is related to lower rates of nosocomial 
infections (Hugonnet, Villaveces, & Pittet, 2007; Jackson, Chiarello, Gaynes, & 
Gerberding, 2002; Kovner & Gergen, 1998; Lichtig, Knauf, & Milholland, 1999; 
Manojlovich, Sidani, Covell, & Antonakos, 2011). Additionally, Aiken, Smith, and Lake 
(1994) found that quality of nursing care contributes to reduction of mortality rate of 
4.6%. 
 In 2004, the NQF endorsed nursing-sensitive care performance measures 
(Kurtzman & Corrigan, 2007), which include: 
 Death Among Surgical Inpatients with Treatable Serious Complications 
 Pressure Ulcer Prevalence (Hospital-Acquired) 
 Restraint Prevalence (Vest and Limb) 
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 Patient Falls 
 Falls with Injury 
 CAUTI Rate for ICU Patients 
 Central Line Catheter-Associated Bloodstream Infection (CLABSI) Rate for 
ICU and Neonatal ICU (NICU) Patients 
 Ventilator-Associated Pneumonia (VAP) Rate for ICU and NICU Patients 
 Skill Mix (registered nurse [RN], licensed practical nurse [LPN], unlicensed 
assistive personnel [UAP], and contract) 
 Nursing Care Hours per Patient Day 
 Voluntary Turnover 
 Practice Environment Scale-Nursing Work Index (Joint Commission, 2009)  
  The ANA established the National Database of Nursing Quality Indicators 
(NDNQI) to develop and support the implementation of new indicators and 
methodologies for nursing research (Montalvo, 2007a). The NDNQI is a portable, 
expandable, and standardized repository (Gallagher & Rowell, 2003). The database has 
comparative nursing care data with a nationally standardized format and relationships to 
patient outcomes. Data are collected locally at hospitals and submitted on a quarterly 
basis to the NDNQI which includes data on NQF-endorsed nursing-sensitive measures, 
nurse staffing measures, and evaluations of RN job satisfaction and the nursing work 
environment (Duncan, Montalvo, & Dunton, 2011; NQF, 2004).  
  Nursing-sensitive indicators in the NDNQI enable researchers to evaluate the 
structures of care and care processes’ both influence on nursing care outcomes. The 
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NDNQI publishes its annual reporting of structure, process, and outcome indicators on a 
unit level (Montalvo, 2007). Quality of care is measured using Donabedian’s structure-
process-outcome framework (ANA, 1999). Structure is the setting in which care is 
provided and includes the number and qualifications of staff, the availability of 
equipment and supplies, nursing work environment, retention and turnover rate, and staff 
specialty certification. Process refers to the activities of nurses in providing care and 
encompasses assessment, care planning, medication administration, preventive 
interventions, evidence-based procedures, education, and nurse-patient interactions. 
Outcomes means changes in patients’ health that are attributable to the care they received 
and include hospital-acquired pressure ulcers, falls, device-associated infections, and 
peripheral intravenous infiltrations. The use of the NDNQI enables the collection of valid 
and reliable quality indicators that are nursing-sensitive on a large scale (Weaver, 
Delaney, Weber, & Carr, 2010).  
 Nurse staffing factors and RN job satisfaction are essential in preventing CAUTIs 
because they affect HAIs (Cimiotti, Aiken, Sloane, & Wu, 2012). Unique NDNQI 
measures other than NQF-endorsed measures include: hospital-acquired pressure ulcer 
prevalence, RN satisfaction, RN education/certification, completeness of the pediatric 
pain assessment-intervention-reassessment (AIR) cycle, pediatric peripheral intravenous 
infiltration rate, and psychiatric physical/sexual assault rate (Montalvo, 2007a). These 
measures are supported by several studies. RN education levels have an inverse effect on 
patient outcomes (Aiken, Clarke, Sloane, Lake, & Cheney, 2008; Aiken, Clarke, Cheung, 
Sloane, & Silber, 2003). Specialty certification refines nursing care by validating 
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consistent standards of care to enhance patient safety and quality of care (Boyle, Cramer, 
Potter, Gatua, & Stobinski, 2014; Kendall-Gallagher & Blegen, 2009). 
 Catheter-associated urinary tract infections are one of the NQF-endorsed nursing-
sensitive measures because nurses are most often responsible for the management of 
indwelling urinary catheters. Some studies have found that nurse staffing levels and skill 
mixes were significantly related to UTIs (Needleman, Buerhaus, Mattke, Stewart, & 
Zelevinsky, 2002; Unruh, 2003). Therefore, investigating nurse-related factors that 
influence CAUTI occurrence is necessary. This study uses nurse-staffing measures in the 
NDNQI to find factors related to CAUTI occurrence in ICUs. 
Big Data Research Using Electronic Health Records 
According to a systematic review from the Agency for Healthcare Research and 
Quality (AHRQ), health information technology (HIT) systems, especially EHRs, can 
enhance guideline-adherent care delivery, improve quality of care through clinical 
monitoring, and reduce medical error rates in a cost-effective and viable way (Chaudhry 
et al., 2006; Linder, Ma, Bates, Middleton, & Stafford, 2007). The Institute of Medicine 
(IOM) 2001 report, “Crossing the Quality Chasm,” emphasized the use of electronic 
solutions to improve the quality of care delivery (IOM, 2001). 
EHRs are defined as “longitudinal electronic records of patient health information 
generated by one or more encounters in any care delivery setting. Included in this 
information are patient demographics, progress notes, problems, medications, vital signs, 
past medical history, immunizations, laboratory data, and radiology reports” (HIMSS, 
2016). Most EHRs include quantitative data (e.g., vital signs), qualitative data (e.g., text 
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data as nursing narratives), and transactional data (e.g., claims) (Murdoch & Detsky, 
2013). Nursing documentation also plays an important role for EHRs because nurses 
continuously document the direct care they provide to patients and use their clinical 
expertise to assess, plan, intervene, and evaluate their patients (Kelley, Brandon, & 
Docherty, 2011).  
In 2009, the Health Information Technology for Economic and Clinical Health 
(HITECH) act authorized incentive payments up to $27 billion over 10 years to increase 
hospital and physician adoption of EHR systems. The intention was to accelerate the 
adoption of HIT and facilitate the use of qualified EHRs (CMS, 2016). Physicians and 
hospitals were incentivized if they “meaningfully used” EHRs to achieve significant 
improvements of quality in care delivery (Blumenthal & Tavenner, 2010; Hsiao, Hing, 
Socey, & Cai, 2011; Jones, Adams, Schneider, Ringel, & McGlynn, 2010). Most 
physicians have reported EHR systems improved diagnosis, infection control, and patient 
care (Shang et al., 2015). 
EHRs deliver the functions of traditional health records and other advantages. The 
EHRs provide standardized data format and terminology, information accessible from 
multiple sites, efficient communication among health care providers, and alerts and 
reminders for care quality improvement (Watzlaf, Zeng, Jarymowycz, & Firouzan, 2004). 
Manyika et al. (2011) described five ‘big data levers’ that affect providers, payers, and 
patients in clinical care. The five big data levers include:  
 Outcomes-based research including comparative effectiveness research. 
Outcomes-based research can identify the most effective treatments for patients 
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through the use of big data which include patients’ medical information and 
outcomes of treatments. 
 Clinical decision support tools. Clinical decision support tool enables accurate 
and efficient process, which leads to lower rates of adverse events and medical 
errors.  
 Transparency in medical data. Transparency about medical data and process is 
important to both providers and patients, because it gives quality and 
performance data of providers to optimize the caring process, which can also 
help patients make informed health care decisions. 
 Remote patient monitoring. Remote patient monitoring is useful to collect data 
from long-distance or chronically ill patients, and monitor patients’ adherence. 
This monitoring system can reduce the inpatient hospital days, emergency 
department visits, and long-term care complications. 
 Advanced analytics. Advanced data analytics such as predictive modeling can 
identify patients at high risk of certain disease using patient profiles. 
 The adoption of EHRs has enabled easier access and aggregation of clinical data. 
The amount of collected data through EHR is enormous and storage of data is expanding 
quickly (Murdoch & Detsky, 2013). Gartner (2016) defines big data as “high volume, 
high velocity, and high variety information assets that require new forms of processing to 
enable enhanced decision making, insight discovery and process optimization”. Research 
methods for big data are advancing to convert the vast amount of data into useable 
information to help generate knowledge. Improvements in data analytic techniques, 
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especially machine learning from computer sciences, have facilitated this new flow 
dealing with large datasets. Machine learning develops a model for automatic procedure 
to learn patterns and to predict outcomes based on data (Witten, Frank, & Hall, 2011). 
Many techniques support the analysis of big data. Data mining is a set of 
techniques that discover complex patterns from large datasets. Examples of these 
techniques include association rule learning, cluster analysis, classification, and 
regression (Manyika et al., 2011). Natural Language Processing (NLP) is used to analyze 
natural human language from social media or nursing narratives (Bakken, Hyun, 
Friedman, & Johnson, 2005). Visualization techniques are used for presentation of 
images or graphs to understand and interpret the new patterns found from big data 
analysis (Keim, Qu, & Ma, 2013).  
Several studies have indicated a growing need for conducting research using big 
data collected from clinical care (Hersh, 2007; Safran et al., 2007). The National 
Institutes of Health (NIH) called for the reuse of EHR data for clinical research 
(Weiskopf & Weng, 2013). Big data research using EHRs has several advantages: (a) it is 
useful when generating new insights from large amounts of data; (b) it is helpful to 
disseminate knowledge through data-driven decision support tools; (c) it enables 
personalized medical care through collaboration with systems biology such as genomics; 
and, (d) it allows direct delivery of clinical information to patients and integration of 
personalized data (e.g., education, diet habits, and exercise regimens) into health records 
for targeted health care (Murdoch & Detsky, 2013; Raghupathi & Raghupathi, 2014). 
The fact that research using EHR is retrospective is another strength of big data research. 
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It uses secondary data from a repository, and thus the research does not require patient 
recruitment or further data collection, which can speed up the rate of clinical knowledge 
discoveries (Weiskopf & Weng, 2013). 
The variables related to CAUTIs are quite diverse, including factors related to the 
patient, environment, and staff. Sometimes this diversity makes the impact and import of 
such variables inconsistent among studies. Traditional statistical methods have limitations 
when it comes to investigating several interactions among many variables and providing 
in-depth knowledge from copious data (Murdoch & Detsky, 2013; Zhao & Luan, 2006). 
Big data research using EHRs can assist in discovering new insights and knowledge for 
CAUTIs from a large amount of data. 
This study uses existing data from an EHR stored in the University of Minnesota 
(UMN) Academic Health Center-Information Exchange (AHC-IE) Clinical Data 
Repository (CDR). The AHC-IE includes more than 2 .4 million patients from seven 
hospitals and 40 clinics. Also, University of Minnesota Medical Center (UMMC) reports 
NDNQI data that are electronically available. Therefore, multiple electronic data sources 
can be linked to an integrated dataset. The study uses the knowledge discovery in 
databases (KDD) approach for data analysis. This big data research analytic method 
includes a data mining process that consists of selecting, exploring, and modeling large 
amounts of data to discover new patterns or relationships (Bellazzi & Zupan, 2008). The 
data mining process involves considering various models and choosing the best one based 
on its predictive performance.  
Scientific Importance of This Study 
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Studies identifying risk factors and evidence-based prevention guidelines for 
CAUTI have existed for years, but a recent report from the CDC showed that CAUTI 
occurrence still increased by 6% in U.S. hospitals from 2009 – 2013, with an especially 
significant increase in CAUTIs from 2012 – 2013 (CDC, 2015b). There is a need for 
further understanding of additional factors associated with hospital-acquired CAUTIs to 
reduce the occurrence rates. Big data research using EHRs and nurse staffing data has a 
merit for such new knowledge discovery from large-scale data.  
Catheter-associated urinary tract infection is one of the nursing-sensitive outcome 
indicators strongly influenced by nurses’ activities and abilities (Montalvo, 2007). The 
quality of nursing care is related to nurse staffing, and better nurse staffing has been 
recommended as a means to improve patient outcomes (Kane et al., 2007). The IOM’s 
2010 report, “The Future of Nursing,” recommended higher levels of education and 
training for nurses to meet the patient needs and provide safe, high-quality, and patient-
centered care (IOM, 2010). Previous studies have found that nurse staffing-related 
factors, including a higher percentage of RNs in the staffing mix and the educational 
level of nurses, are inversely associated with UTIs (Kovner & Gergen, 1998; Needleman 
et al., 2002; Seago, 2001). However, these studies are dated, and only a few studies have 
been conducted recently on this topic.  
This study is scientifically important because there is as yet no research on a 
predictive model of hospital-acquired CAUTI using a combination of data from EHRs 
and nurse staffing factors collected as part of the NDNQI submission. Thus, this study 
can provide new insights about hospital-acquired CAUTIs. 
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Purpose and Specific Aims of Study 
Purpose of Study 
 The overall purpose of this study was to develop a predictive model for hospital-
acquired CAUTIs using multiple data sources. This goal is achievable by creating an 
integrated dataset from multiple data sources, generating models to classify patients who 
acquired CAUTI during their hospitalization using data mining methods, and then 
evaluating the results to find the best predictive model. This predictive model can be 
implemented in real settings as part of the evidence-based prevention recommendation 
for hospital-acquired CAUTIs. 
Specific Aims of Study 
The specific aims of this study are: 
Aim 1: Create a quality, de-identified dataset combining multiple data sources for 
machine learning tasks. 
Aim 2: Develop and evaluate predictive models to find the best predictive model 
for hospital-acquired CAUTI. 
Conceptual Framework 
Developing the Conceptual Framework 
A conceptual framework is the overall theoretical underpinnings to organize a 
study’s ideas. Researchers can integrate observations and knowledge into a structured 
schema using the conceptual framework. Linking findings into a robust theoretical 
structure helps evidence be more accessible and useful (Polit & Beck, 2008). Conceptual 
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frameworks guide researchers to investigate the phenomena in a more structured and 
coherent way. 
This study uses systems theory as a conceptual framework. Systems theory was 
first introduced by Ludwig von Bertalanffy in 1950 and developed by Daniel Katz and 
Robert Louis Kahn in 1978 (Katz & Kahn, 1978). In systems theory, a system can be 
viewed as a dynamic entity and a complicated set of elements that interrelate and interact. 
The interaction among the elements is the key in systems theory. The elements include 
input, throughput, output, feedback, and environment. According to Katz and Kahn 
(1978), inputs are defined as the influx of information from the external environment; 
throughputs are energies inside the system, transformed by reorganizing the inputs; and 
outputs are products that are exported to the external environment (Katz & Kahn, 1978).  
A system takes inputs from the environment, inputs are transformed via 
throughput and exported in the form of output to the environment (Katz & Kahn, 1978). 
The environment supports a system as it continuously provides inputs for sustainable 
inflow. Then a system processes the inputs through interactions and activities for 
production of outputs (Meyer & O’Brien‐Pallas, 2010). In systems theory of nursing care 
delivery, input is the patients’ condition and nurse staffing, throughput means the process 
such as interventions, environment refers to the hospital system or the element of outer 
system that can affect the system, and output is the patient outcome. This conceptual 
framework is the theoretical baseline of this study. 
Description of the Conceptual Framework 
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Figure 1.1 illustrates a conceptual framework for understanding the associated 
factors of hospital-acquired CAUTI. Known associated factors of hospital-acquired 
CAUTIs can be categorized into four parts: patient factors, environmental factors, staff 
factors, and interventions. These known factors can be applied to systems theory in 
nursing. In systems theory, input is transformed via throughput and results as an output; 
therefore, in this framework, patient and nurse staff factors can be considered as the 
input, hospital environment as the environment, interventions as the throughput, and 
hospital-acquired CAUTIs as the output. 
 
Figure 1.1. Conceptual framework for understanding the hospital-acquired CAUTI. 
Conclusion 
 Nosocomial infections are a prevalent health care problem and are associated with 
substantial morbidity and mortality. UTIs are one of the most dominant nosocomial 
infections, and most UTIs are attributable to indwelling urinary catheter use. Studies and 
guidelines for CAUTI prevention have existed for several decades, but the occurrence 
ENVIRONMENT 
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rate has increased. Thus, there is a need to discover additional factors that may be related 
to CAUTI.  
The nursing-sensitive quality indicators are strongly influenced by the care nurses 
provide. CAUTI is a nursing-sensitive quality indicator because nurses take responsibility 
for managing indwelling urinary catheters. There is a need to look at nurse staffing data 
to find factors related to CAUTI. In some studies, nurse-staffing related factors have 
influence on HAIs including CAUTI.  
With the implementation of EHRs, researchers can use large amounts of data for 
knowledge discovery. EHRs contain a wide variety of patient information, including 
medical history, demographics, encounters, diagnoses, medications, lab results, 
procedures, allergies, and flowsheets. Big data research using these EHRs is emerging as 
analytic methods for big data have been advanced and quickly adopted in clinical fields. 
Data mining, a big data research method, uses large amounts of data to find relationships, 
associated factors and patterns to help predict outcomes. This research method is 
especially powerful when there are many variables to analyze.  
In this study, the researcher developed a predictive model for hospital-acquired 
CAUTI using EHR and nurse staffing data from three different data sources. NDNQI 
reported nurse staffing data are electronically available, which makes the data linkable to 
EHR. To date, no studies have been found examining predicting hospital-acquired 
CAUTI using EHRs and nurse staffing data through a big data research method. There is 
a merit to investigating the factors related to hospital-acquired CAUTIs in a fairly new 
way. 
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  The literature review in the following chapter will focus on the different 
organizations’ definitions of CAUTI and factors related to CAUTI.  
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CHAPTER II  
LITERATURE REVIEW 
Organization of the Literature Review 
The aim of this study was to develop a predictive model for hospital-acquired 
catheter-associated urinary tract infections (CAUTIs) using electronic health records 
(EHR) and nurse staffing data from three data sources. Therefore, the purpose of this 
literature review is to provide a critical review of the literature for factors and their 
definitions associated with or predictive of hospital-acquired CAUTI in the adult 
population. There were few studies about hospital-acquired CAUTI alone, so studies 
about hospital-acquired UTIs were also included.  
Because numerous definitions for hospital-acquired UTIs and CAUTIs have been 
used, it is essential to find an appropriate and consistent definition. This chapter begins 
with an examination of various UTI and CAUTI definitions. Then, factors associated 
with hospital-acquired UTIs and CAUTIs found from literature review are described that 
may be useful for the development of a model of hospital-acquired CAUTIs.  
Methodology for Literature Search 
A systematic search for studies and guidelines published between 1999 and 2014 
was undertaken using the following biomedical databases: CINAHL, PubMed, OVID 
Medline, The Cochrane Library, and Google Scholar. The rationale for choosing a 15-
year span was that the National Nosocomial Infections Surveillance (NNIS) summary 
report that came out in 2000 updated previously published data (NNIS, 2000). The search 
focused on the literature after that report, although hand-searched articles included some 
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earlier works. The key words used were “urinary tract infection,” “catheter-associated 
urinary tract infection,” “catheter-related infection,” “urinary catheterization,” and “cross 
infection.” In addition, citations and the list of references were retrieved and 
systematically reviewed. Unpublished studies, abstracts, dissertations, and theses were 
not reviewed.  
Inclusion and Exclusion Selection Criteria 
Studies were included using the following criteria: (a) contained a definition of 
UTI or CAUTI for the adult population, (b) presented factors associated with UTIs or 
CAUTIs, (c) conducted in hospital setting, (d) available in printed or downloadable form, 
and (e) written in English. Exclusion criteria were the following: (a) failure to include a 
definition of a UTI or a CAUTI and a description of factors associated with UTIs or 
CAUTIs, (b) contained only microbiological factors for UTIs or CAUTIs, and (c) 
conducted in a home care setting. The researcher manually screened the title and abstract 
of each citation based on the inclusion and exclusion criteria. Articles deemed potentially 
eligible underwent full-text screening.  
Selection and Abstraction of Studies 
The main outcome of the review was the extraction of definitions and factors 
associated with hospital-acquired UTIs and CAUTIs. The researcher compared the 
definitions of UTI and CAUTI by concept in chronological order when searching for 
pertinent terms. The factors associated with hospital-acquired UTIs and CAUTIs were 
categorized into four factors, using the conceptual framework introduced in Chapter 1: 
patient factors, environmental factors, staff factors, and interventions. Patient factors are 
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defined as those related to patients such as a patient’s demographics, history of illness, 
and current health condition. Environmental factors are the external factors affecting 
development of a hospital-acquired UTI or CAUTI, including duration of catheterization 
and the location and type of catheter. Staff factors are those related to health care 
providers such as educating staff on UTIs or CAUTIs and RN staffing levels. 
Interventions are treatments and actions performed to enhance patient outcome, such as 
nurse-driven interventions. The variables in each category will be described in detail. 
Findings are presented about the most prevalent definitions and factors associated with 
hospital-acquired UTIs and CAUTIs that need to be examined to create a clinical data 
model for future research.  
A total of 350 studies and guidelines were found from the database search and the 
references cited in the papers. After excluding 42 studies that were inaccessible, the 
abstracts of 308 studies and guidelines were assessed for review. Of those 308 studies 
and guidelines, 147 were excluded from the assessment: 21 were not relevant to the topic, 
120 did not meet the inclusion criteria, and 6 were not about the adult population. 
Therefore, 161 studies and guidelines were subject to full-text review and included in the 
synthesis. 
Definitions of UTIs 
According to the review, UTI has two major types: symptomatic UTI (S-UTI) and 
asymptomatic bacteremic UTI (AB-UTI). If the UTI was catheter associated, which 
means catheter was in place more than 2 days prior to the date of the UTI, it is considered 
to be a CAUTI. The definitions of CAUTI are premised on the presence of a urinary 
   23 
 
catheter, and the count of bacteria in a urine culture varied from ≥102 to ≥108 colony-
forming units (CFU)/mL, with no more than two species of microorganisms. The 
definitions from the 1988 and 2008 Centers for Disease Control and Prevention (CDC) 
guidelines were mostly used for S-UTI and catheter-associated S-UTI.  
Definition of UTI 
The definition of a UTI varied in the literature in the count of bacteria in a urine 
culture. According to Parker et al. (2009), a UTI is an inflammatory response of the 
epithelium of the urinary tract to invasion and colonization by a pathogen, usually a 
bacterial species. Patients are diagnosed with a UTI when a urine culture contains ≥102 
CFU/mL urine (Lundeberg, 1986; Saint, 2000), ≥103 CFU/mL urine (Lee et al., 2004; 
Saint et al., 2006; Stark & Dennis , 1984), and ≥105 CFU/mL urine (Bouza et al., 2001; 
Crouzet et al., 2007; Hakvoort, Elberink, Vollebregt, Ploeg, & Emanuel, 2004; Huang et 
al., 2004; Ksycki & Namias, 2009; Liedberg & Lundeberg, 1990; Liedberg, Lundeberg, 
& Ekman, 1990; Lundeberg, 1986; Mnatzaganian et al., 2005; Puri et al., 2002; Schumm 
& Lam, 2008; Scott, 2010; Sujijantararat, Booth, & Davis, 2005; Topal et al., 2005) with 
≤2 species of microorganisms. 
The most prevalent definition for S-UTI was Garner et al.’s (1988) CDC 
definition. Patients are diagnosed with an S-UTI when they meet one of the following 
criteria:  
 At least one of the following symptoms with no other recognized cause:  
o Fever >38 °C; urgency; frequency; dysuria; or suprapubic tenderness; 
 A positive urine culture of ≥105 CFU/mL with ≤2 species of microorganisms; and 
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 Any of the following:  
o Positive dipstick urinalysis (leukocyte esterase or nitrite test); pyuria (10 
WBCs/mm3 or at least 3 WBCs/high-power field); positive urine Gram 
stain; two urine cultures with 102 CFU/mL of the same uropathogen; one 
urine culture with ≤105 CFU/mL of a single pathogen in a patient being 
treated with antimicrobials; or physician’s diagnosis or appropriate 
therapy for UTI (Andreessen, Wilde, & Herendeen, 2012; Bagshaw & 
Laupland, 2006; Balkhy et al., 2006; Beveridge, Davey, Phillips, & 
McMurdo, 2011; CDC/NHSN, 2016; Chen et al., 2013; Crouzet et al., 
2007; Garner, William, Emori, Horan, & Hughes, 1988; Gould et al., 
2010; Horan & Gaynes, 2004; Horan, Andrus, & Dudeck, 2008; Huang et 
al., 2004; Nicolle, 2012; NNIS, 2000; NNIS, 2001; NNIS, 2003; Owen, 
Perez, Bornstein, & Sweeney, 2012; Robert et al., 2000; Rosenthal, 
Guzman, & Safdar, 2004; Schumm & Lam, 2008; Srinivasan, Karchmer, 
Richards, Song, & Perl, 2006). 
Wilde and Carrigan (2003) and White and Ragland (1995) defined S-UTI when 
there is a new pain in the back over the kidney region or pain/tenderness over the bladder 
region, a change in urine characteristics, a new laboratory test result showing a new urine 
infection or blood in the urine (previously negative), or a clinical diagnosis of UTI. Other 
symptoms include fever >38 °C, chills, or worsening mental or functional status. 
Definition of CAUTI   
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 In the literature, the definition of CAUTI varied in the count of bacteria in a urine 
culture. A patient is diagnosed with a CAUTI with the presence of a urinary indwelling 
catheter, urine culture contains ≥102 CFU/mL urine (Falkiner, 1993; Saint & Lipsky, 
1999; Stamm, 1975; Stamm & Hooton, 1993; Stamm, 1991),  ≥ 103 CFU/mL urine  
(Chenoweth & Saint, 2013; Chenoweth & Saint, 2011; Clec'h et al., 2007; Horan & 
Gaynes, 2004; Huth, Burke, Larsen, Classen, & Stevens, 1992; Lee et al., 2004; Maki & 
Tambyah, 2001; Mnatzaganian et al., 2005; Nicolle et al., 2005; Riley, Classen, Stevens, 
& Burke, 1995; Schumm & Lam, 2008; Stark & Dennis, 1984; Tambyah & Maki, 2000; 
Tambyah, Halvorson, & Maki, 1999; Tambyah & Maki, 2000; Tambyah, Knasinski, & 
Maki, 2002; Trautner & Darouiche, 2004), ≥104 CFU/mL urine (Bonadio et al., 2005), 
≥105 CFU/mL urine (Bagshaw & Laupland, 2006; Chant, Smith, Marshall, & Friedrich, 
2011; Huang et al., 2004; Laupland et al., 2005; Laupland et al., 2002; Lundeberg, 1986; 
Platt, Polk, Murdock, & Rosner, 1986; Tambyah & Maki, 2000), ≥106 CFU/mL urine ( 
Maki, 1997), and ≥108 CFU/mL urine (Al-Habdan et al., 2003; Liedberg et al., 1990; 
Thibon, Le Coutour, Leroyer, & Fabry, 2000; Verleyen, De Ridder, Van Poppel, & Baert, 
1999). 
Parker et al. (2009) diagnosed CAUTI if patients have bacteriuria and an elevated 
white blood cell (WBC) count on a urinalysis examination or an elevated WBC count and 
two or more of the following signs/symptoms: (a) pain or burning in the region of the 
bladder, urethra, or flank; (b) fever (>38 °C) or chills; (c) malaise; (d) offensive urine 
odor; (e) change in color or character of urine; (f) hematuria; (g) bladder spasms/leakage; 
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(h) catheter obstruction; (i) increased weakness or spasticity; (j) change in mental status; 
or (k) bacteremia. 
In 2016, the CDC/NHSN defined CAUTI as “[a] UTI where an indwelling 
urinary catheter was in place for > 2 calendar days on the date of UTI event, with day of 
device placement being day 1, and an indwelling urinary catheter was in place on the date 
of event or the day before. If an indwelling urinary catheter was in place for > 2 calendar 
days and then removed, the date of event for the UTI must be the day of discontinuation 
or the next day for the UTI to be catheter-associated” (CDC/NHSN, 2016).  
The most commonly used definition of catheter-associated S-UTI in the literature 
was from the CDC’s 1988 guidelines (Appelgren et al., 2001; Askarian, Hosseini, 
Kheirandish, & Memish, 2003; Bochicchio et al., 2003; Bruminhent, Keegan, Lakhani, 
Roberts, & Passalacqua, 2010; Burton et al., 2011; Chan, Semenov, & Gourin, 2013; 
Chant et al., 2011; Chen et al., 2013; Chenoweth & Saint, 2011; Cope et al., 2009; 
Crouzet et al., 2007; Elpern et al., 2009; Esposito et al., 2006; Finkelstein, Rabino, 
Kassis, & Mahamid, 2000; Garner et al., 1988; Gentry & Cope, 2005; Ghezzi et al., 2007; 
Hashmi, Edward, Selwyn, & Jonathan, 2003; Hazelett, Tsai, Gareri, & Allen, 2006; 
Horan et al., 2008; Karchmer, Giannetta, Muto, Strain, & Farr, 2000; Keerasuntonpong et 
al., 2003; Krein et al., 2012; Kubler et al., 2012; Leone, Garnier, Avidan, & Martin, 
2004; Leone et al., 2003; Lo et al., 2008; Marra et al., 2011; Merle et al., 2002; Morgan et 
al., 2012; Peschers, Kempf, Jundt, Autenrieth, & Dimpfl, 2001; Pickard, Lam, 
MacLennan et al., 2012; Pickard, Lam, Maclennan et al., 2012; Rasslan et al., 2012; 
Rebmann & Greene, 2010; Rosenthal, Guzman, & Orellano, 2003; Shuman & 
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Chenoweth, 2010; Stovall et al., 2013; Tissot, Limat, Cornette, & Capellier, 2001; Topal 
et al., 2005; van der Kooi et al., 2007). According to the CDC’s 1998 definition, patients 
with a urinary indwelling catheter are diagnosed with catheter-associated S-UTI when 
they have one of the two following conditions:  
a) One or more of the symptoms (fever ≥38 °C, urgency, or suprapubic 
tenderness) with no other causes and a urine culture of ≥105 CFU/mL and 
with no more than 2 species of microorganisms;  
b) At least two of the following symptoms with no other causes: positive dipstick 
urinalysis (leukocyte esterase or nitrite test), pyuria ≥3 WBCs/high-power 
field, positive urine Gram stain, two urine cultures with at least 102 CFU/mL 
of the same pathogen, one urine culture with ≤105 CFU/mL of a single 
pathogen, or a physician’s diagnosis or treatment of a UTI. 
 The CDC updated the CAUTI guidelines and definition for catheter-associated S-
UTI in 2009, and several studies adopted the modified definition (CDC/NHSN, 2016; 
Gould et al., 2010; Meddings, Rogers, Macy, & Saint, 2010; Meddings, Saint, & 
McMahon, 2010; Meddings et al., 2012; Nicolle, 2012). According to the CDC’s 2009 
definition, patients with a urinary indwelling catheter are diagnosed with a catheter-
associated S-UTI when they have one or more of these symptoms—fever >38 °C, 
suprapubic tenderness, costovertebral angle pain, or tenderness—with no other cause and 
meet one of the two following criteria: 
a) Had a positive urine culture of ≥105 CFU/mL with no more than 2 species of 
microorganisms; 
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b) Had at least one of the following signs and a positive urine culture of ≥103 and 
<105 CFU/mL with no more than 2 species of microorganisms: positive 
dipstick urinalysis (leukocyte esterase or nitrite test), pyuria (urine specimen 
with ≥10 WBCs/mm3 or >5 WBCs/high-power field), or microorganisms seen 
on Gram stain of urine. 
In the Infectious Diseases Society of America (IDSA) guidelines, Hooton et al. 
(2010) defined catheter-associated S-UTI as the presence of UTI signs with no other 
recognized source of infection with ≥103 CFU/mL of more than 1 bacterial species in a 
single catheter urine specimen from a patient. Microbiologically confirmed catheter-
associated S-UTI has the following conditions: a positive urine culture, bacteriuria up to 
3 days after urinary catheter removal, changes in quality of health within 6 weeks, and 
urethral discomfort related to catheterization.  
In 2016, the CDC/NHSN defined catheter-associated S-UTI in the following 
manner: 
Patient must meet 1, 2, and 3 below: 
1. “Patient had an indwelling urinary catheter that had been in place for >2 days 
on the date of event (day of device placement = day 1) AND was either: 
a. Present for any portion of the calendar day on the date of event 
b. Removed the day before the date of event 
2. Patient has at least one of the following signs or symptoms with no other 
identified cause: 
• Fever (>38.0 °C) 
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• Suprapubic tenderness with no other identified cause 
• Costovertebral angle pain or tenderness  
3. Patient has a urine culture with no more than 2 species of organisms 
identified, and at least 1 of which is a bacterium of e w5 CFU/mL. All 
elements of the UTI criterion must occur during the infection window period 
(CDC/NHSN, 2016)”. 
Definition of Asymptomatic Bacteremic UTI 
 According to the CDC’s 2014 guidelines, an AB-UTI is diagnosed when a patient 
without a urinary indwelling catheter has (a) no symptoms, (b) a urine culture of ≥105 
CFU/mL with no more than 2 species of microorganisms, and (c) a positive blood culture 
with at least one matching microorganism to the urine culture, or at least two matching 
blood cultures drawn on separate occasions if the matching pathogen is a common skin 
commensal (CDC/NHSN, 2016). 
Factors Associated with Hospital-Acquired CAUTI 
The factors associated with hospital-acquired CAUTI were investigated during 
the literature review. The factors associated with CAUTI in the literature were appraised 
using four categories from the conceptual framework: patient factors, environmental 
factors, staff factors, and interventions. All factors associated with UTI and CAUTI 
found in the literature are summarized in detail in Table 2.1.  
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Table 2.1. 
Summary of factors associated with hospital-acquired UTI or CAUTI 
Category Factors associated with UTI or CAUTI 
Patient Factors  Female 
 Older age >80, >60, and >50 
 Previous conditions 
 Antibiotic usage within the last 3 months 
 Immunosuppressant therapy within the last 14 
days 
 Previous stroke 
 Bacteriuria before catheterization 
 Hospitalization within the last 6 months 
 Current conditions 
 Diabetes mellitus 
 Glucose level >200 mg/dl 
 Severe underlying illness 
 Renal function impairment 
 Incontinence 
 Major surgical procedures 
 Urinary tract obstruction 
 Predisposing medical conditions for UTI 
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 Nonsurgical disease 
 Pregnancy 
Environmental 
Factors 
 Devices 
 Prolonged catheterization > 7 and > 6 days 
 Aseptic placement techniques 
 Use of closed drainage systems 
 Antimicrobial silver alloy catheter placement 
 Urinary catheter reminder system  
 Drainage tube and collection bag remain below 
bladder level 
 Frequency of replacement 
 Cater insertion after the sixth day of 
hospitalization 
 Colonization of drainage bag 
 Hospitalization 
 Length of hospital stay 
 Urgent/ emergent admission 
 Medical/surgical patients 
 Medical ICU patients 
 Medicaid payer status 
Staff Factors  Education/training of staff on UTI or CAUTI 
 RN staffing 
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Interventions  Nurse-driven interventions 
 
Patient Factors 
 Female gender was the most common patient factor related to the occurrence of 
CAUTIs (Bagshaw & Laupland, 2006; Bouza et al., 2001; Bruminhent et al., 2010; Chan 
et al., 2013; Chenoweth & Saint, 2013; Chenoweth & Saint, 2011; Crouzet et al., 2007; 
Gentry & Cope, 2005; Gould et al., 2010; Hampton, 2004; Hashmi, Edward, Selwyn, & 
Jonathan, 2003; Hazelett et al., 2006; Laupland et al., 2005; Leone et al., 2004; Leone, 
Garnier, Dubuc, Bimar, & Martin, 2001; Leone et al., 2003; Lo et al., 2008; Maki & 
Tambyah, 2001; Marra et al., 2011; Nicolle, 2012; Puri et al., 2002; Saint & Lipsky, 
1999; Shuman & Chenoweth, 2010; Stamm, 1975; Tambyah & Maki, 2000; Tambyah et 
al., 1999; Tambyah & Maki, 2000; Tambyah et al., 2002; Tambyah & Oon, 2012; Tenke 
et al., 2008; Tissot et al., 2001; Topal et al., 2005; van der Kooi et al., 2007; Wang et al., 
2013). 
 Older age was reported as a predictor of CAUTI (Bagshaw & Laupland, 2006; 
Crouzet et al., 2007; Hampton, 2004; Lee et al., 2004; Lo et al., 2008; Muzzi-Bjornson & 
Macera, 2011; Puri et al., 2002; Saint & Lipsky, 1999; Tambyah et al., 1999; Tambyah et 
al., 2002; van der Kooi et al., 2007), especially when the patient was over the age of 80 
(Chan et al., 2013), over the age of 60 (Pickard, Lam, Maclennan et al., 2012; Tissot et 
al., 2001; Wang et al., 2013), and over the age of 50 (Chenoweth & Saint, 2013; 
Chenoweth & Saint, 2011; Graves et al., 2007; Saint & Lipsky, 1999; Shuman & 
Chenoweth, 2010). 
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 A patient’s previous health experience was associated with CAUTI. Previous 
antibiotic usage within the last 3 months (Bagshaw & Laupland, 2006; Crouzet et al., 
2007; Guggenbichler, Assadian, Boeswald, & Kramer, 2011; Johansen et al., 2006; 
Leone et al., 2004; Leone et al., 2003; Pickard, Lam, Maclennan et al., 2012; Saint & 
Lipsky, 1999; Tambyah & Oon, 2012; Tenke et al., 2008; Tissot et al., 2001; Topal et al., 
2005; van der Kooi et al., 2007; Wagenlehner, Cek, Naber, Kiyota, & Bjerklund-
Johansen, 2012) and immunosuppressant therapy within 14 days (Tambyah et al., 1999; 
Tambyah et al., 2002; Tissot et al., 2001) were associated with  CAUTI because an 
immunosuppressive status can make a patient susceptible to infection. Other factors 
associated with CAUTI are previous stroke (Saint & Lipsky, 1999; Wagenlehner et al., 
2012), bacteriuria before catheterization (Pickard, Lam, MacLennan et al., 2012), and 
hospitalization within the last 6 months (Johansen et al., 2006; Wagenlehner et al., 2012). 
 Current health conditions also have influence on CAUTI occurrence. Diabetes 
mellitus has been reported as a patient-related factor for CAUTI (Chenoweth & Saint, 
2013; Chenoweth & Saint, 2011; Foxman, 2002; Gould et al., 2010; Greene et al., 2012; 
Hampton, 2004; Hooton et al., 2010; Lo et al., 2008; Maki & Tambyah, 2001; Marra et 
al., 2011; Saint & Lipsky, 1999; Shuman & Chenoweth, 2010; Tambyah et al., 1999; 
Tambyah & Oon, 2012; Tissot et al., 2001; Topal et al., 2005; Wang et al., 2013). 
Glucose level >200 mg/dL was associated with CAUTI (Hagerty et al., 2015). Other 
factors associated with CAUTI include severe underlying illness (Bagshaw & Laupland, 
2006; Chan et al., 2013; Chenoweth & Saint, 2013; Chenoweth & Saint, 2011; Gentry & 
Cope, 2005; Gould et al., 2010; Graves et al., 2007; Leone et al., 2003; Puri et al., 2002; 
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Saint & Lipsky, 1999; Tambyah et al., 1999; Tambyah et al., 2002; Tissot et al., 2001; 
Wagenlehner et al., 2012), renal function impairment (Chenoweth & Saint, 2013; 
Chenoweth & Saint, 2011; Gould et al., 2010; Hooton et al., 2010; Lo et al., 2008; Maki 
& Tambyah, 2001; Marra et al., 2011; Saint & Lipsky, 1999; Shuman & Chenoweth, 
2010; Tambyah et al., 2002; Tambyah & Oon, 2012; Tenke et al., 2008), incontinence 
(Bliss, Westra, Savik, & Hou, 2013; Foxman, 2002; Gould et al., 2010; Tsuchida et al., 
2008), major surgical procedures (Chan et al., 2013; Tambyah et al., 1999; Tambyah et 
al., 2002), urinary tract obstruction (Johansen et al., 2006; Wagenlehner et al., 2012; 
Wang et al., 2013), predisposing medical conditions for UTI (Chan et al., 2013; 
Wagenlehner et al., 2012), nonsurgical disease (Chenoweth & Saint, 2013; Chenoweth & 
Saint, 2011; Shuman & Chenoweth, 2010), and pregnancy (Bouza et al., 2001; Foxman, 
2002). 
Environmental Factors 
Many environmental factors were related to indwelling urinary catheter use. 
Prolonged duration of catheterization was the most common environmental factor related 
CAUTI occurrence (Bagshaw & Laupland, 2006; Bernard, Hunter, & Moore, 2012; 
Bruminhent et al., 2010; Chan et al., 2013; Chenoweth & Saint, 2013; Chenoweth & 
Saint, 2011; Clarke et al., 2013; Crouzet et al., 2007; Esposito et al., 2006; Foxman, 
2002; Gould et al., 2010; Hampton, 2004; Hart, 2008; Hashmi, Edward, Selwyn, & 
Jonathan, 2003; Hooton et al., 2010; Keerasuntonpong et al., 2003; Ksycki & Namias, 
2009; Laupland et al., 2005; Lee et al., 2004; Leone et al., 2004; Leone et al., 2001; 
Leone, et al., 2003; Lo et al., 2008; Macfarlane, 1985; Marra et al., 2011; Meddings et al., 
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2010; Merle et al., 2002; Nicolle, 2012; Palmer et al., 2013; Parker et al., 2009; Pellowe 
& Pratt, 2004; Plowman, Graves, Esquivel, & Roberts, 2001; Pratt et al., 2001; Pratt et 
al., 2007; Puri et al., 2002; Saint et al., 2008; Saint, Meddings, Calfee, Kowalski, & 
Krein, 2009; Saint & Lipsky, 1999; Schwartz & Barone, 2006; Scott, 2010; Shuman & 
Chenoweth, 2010; Tambyah & Oon, 2012; Tenke et al., 2008; Tissot et al., 2001; 
Trautner, Hull, & Darouiche, 2005; Warren, 2001; Willson et al., 2009). Some studies 
specified catheterization greater than seven days (Huang et al., 2004; Nicolle, 2012; 
Shapiro, Simchen, Izraeli, & Sacks, 1984; Wang et al., 2013) while others required more 
than six days (Chen et al., 2013; Gentry & Cope, 2005; Maki & Tambyah, 2001). Aseptic 
catheter placement techniques were reported to help reduce the number of CAUTI 
incidents (Chan et al., 2013; Chenoweth & Saint, 2013; Chenoweth & Saint, 2011; 
Conway & Larson, 2012; Conway, Pogorzelska, Larson, & Stone, 2012; Falkiner, 1993; 
Gould et al., 2010; Hooton et al., 2010; Keerasuntonpong et al., 2003; Lo et al., 2008; 
Macfarlane, 1985; Maki & Tambyah, 2001; Marra et al., 2011; Nicolle, 2012; Parker et 
al., 2009;Pratt et al., 2001; Pratt et al., 2007; Saint et al., 2009; Saint & Lipsky, 1999; 
Shuman & Chenoweth, 2010; Tambyah & Oon, 2012; Tenke et al., 2008; Wagenlehner et 
al., 2012; Willson et al., 2009). The use of closed drainage systems was recommended to 
lower the occurrence of CAUTIs (Chan et al., 2013; Conway & Larson, 2012; Conway et 
al., 2012; Gould et al., 2010; Hart, 2008; Hooton et al., 2010; Ksycki & Namias, 2009; 
Lo et al., 2008; Macfarlane, 1985; Marra et al., 2011; Nicolle, 2012; Parker 2009;  
Pellowe & Pratt, 2004; Pratt et al., 2001; Pratt et al., 2007; Puri et al., 2002; Tambyah & 
Oon, 2012; Tenke et al., 2008; Trautner et al., 2005; Willson et al., 2009). Antimicrobial 
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silver alloy catheter placement was also recommended as a means to reduce the 
occurrence of CAUTIs (Brosnahan, Jull, & Tracy, 2004; Chan et al., 2013; Gould et al., 
2010; Hooton et al., 2010; Lo et al., 2008; Niel-Weise, Arend, & van den Broek, 2002; 
Parker et al., 2009;Pratt et al., 2007; Seymour, 2006; Tenke et al., 2008; Wagenlehner et 
al., 2012; Willson et al., 2009). The use of a urinary catheter reminder system was 
reported to reduce CAUTI incidents (Chen et al., 2013; Gould et al., 2010; 
Guggenbichler et al., 2011; Huang et al., 2004; Maki & Tambyah, 2001; Meddings et al., 
2010; Nicolle, 2012; Palmer et al., 2013; Parker et al., 2009;  Pratt et al., 2001; Pratt et 
al., 2007; Saint, Kaufman, Thompson, Rogers, & Chenoweth, 2005; Scott, 2010; Willson 
et al., 2009). Drainage tube and collection bag remaining below the level of the bladder 
prevented CAUTI (Conway & Larson, 2012; Hooton et al., 2010; Lo et al., 2008; 
Macfarlane, 1985; Maki & Tambyah, 2001; Marra et al., 2011; Nicolle, 2012; Tambyah 
& Oon, 2012). Relative factors for CAUTIs included frequency of replacement (Parker et 
al., 2009; Pratt et al., 2001; Pratt et al., 2007; Willson et al., 2009), catheter insertion after 
the sixth day of hospitalization (Chenoweth & Saint, 2013; Chenoweth & Saint, 2011; 
Shuman & Chenoweth, 2010), and colonization of drainage bag (Guggenbichler et al., 
2011; Leone et al., 2003). Factors related to hospitalization included prolonged length of 
hospital stay (Leone et al., 2004; Leone et al., 2001; Leone et al., 2003) and 
urgent/emergent admission (Chan et al., 2013; Leone et al., 2003). Medical/surgical and 
medical ICU patients (Bagshaw & Laupland, 2006) and Medicaid payer status (Chan et 
al., 2013) were also related to CAUTIs. 
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Staff Factors 
 Education/training of staff about UTI or CAUTI prevention decreased the 
occurrence of CAUTIs (Andreessen et al., 2012; Conway & Larson, 2012; Gould et al., 
2010; Hooton et al., 2010; Lo et al., 2008; Macfarlane, 1985; Marra et al., 2011; Parker et 
al., 2009; Pellowe & Pratt, 2004; Pratt et al., 2001; Pratt et al., 2007; Tambyah & Oon, 
2012; Wagenlehner et al., 2012; Willson et al., 2009). 
 RN staffing was a factor related to CAUTIs. Several studies have found that 
higher RN staffing is related to lower incidents of CAUTIs (Blegen, Goode, & Reed, 
1998; Kane et al., 2007; Kovner & Gergen, 1998; Lankshear, Sheldon, & Maynard, 2005; 
Needleman et al., 2002; Unruh, 2003). 
Interventions 
The advantages of nurse-driven interventions for CAUTIs were reported in many 
studies (Andreessen et al., 2012; Blodgett, 2009; Chenoweth & Saint, 2013; Conway et 
al., 2012; Dinc & Erdil, 2000; Fakih et al., 2008; Fuchs et al., 2011; Gould et al., 2010; 
Lo et al., 2008; Marra et al., 2011; Oman et al., 2012; Palmer et al., 2013; Parker et al., 
2009; Pratt et al., 2001; Pratt et al., 2007; Saint et al., 2009; Tambyah & Oon, 2012; 
Topal et al., 2005; Willson et al., 2009). Supported by the CDC guidelines, nurse-driven 
interventions included nurse-directed catheter removal for CAUTI prevention. 
Overall Summary and Conclusion 
This literature review identified the definitions and factors associated with or 
predictive of hospital-acquired UTIs or CAUTI in the adult population. Most studies used 
definitions from the CDC and IDSA guidelines. 
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The review indicated that the most widely used definitions for UTIs and CAUTIs 
were from the 1988 and 2008 CDC guidelines. These two guidelines shared most criteria. 
The 2008 guideline added some items. The definition of CAUTI varies and is often used 
interchangeably with UTI or bacteriuria, as early studies used bacteriuria to define 
catheter-associated infection (Chenoweth & Saint, 2013). 
The studies reviewed have indicated that female gender is the most important 
variable among patient factors for hospital-acquired UTIs and CAUTIs. It is followed by 
older age, a diagnosis of diabetes mellitus, the presence of a severe underlying illness, 
previous antibiotic usage within the last 3 months, and renal function impairment. 
Females have a higher risk of bacteriuria than males, probably because the shorter female 
urethra provides perineal flora with easier access to the bladder. Previous/current health 
conditions were also significant variables for developing hospital-acquired UTIs and 
CAUTIs. 
Among the environmental factors, prolonged catheterization was the most 
important one. It was the most frequently referenced variable for hospital-acquired 
CAUTIs. The risk of CAUTIs increases by an estimated 5%–10% for each day the 
catheter remains in place (Wagenlehner et al., 2012). Aseptic placement techniques, use 
of closed drainage systems, antimicrobial silver alloy catheter placement, and urinary 
catheter reminder systems were also considered important. In patients with short-term 
indwelling catheterization, silver alloy catheters were considered to reduce or delay the 
onset of CAUTI. After catheter insertion, maintenance of closed drainage was the highest 
priority. For up to 2 weeks of catheterization, closed drainage can keep the overall risk of 
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CAUTI below 25% (Kunin, 2006). Most environmental factors were related to catheter 
use. While patient factors are generally unchangeable, environmental and staff factors are 
modifiable. Therefore, many articles focused on modifiable factors such as silver alloy–
coated catheter use, aseptic placement techniques, and real-time alert systems for health 
care providers.  
The fewest factors were related to staff factors and intervention. They included 
staff education on UTIs and CAUTIs, RN staffing, and nurse-driven intervention.  
The study results have shown that the majority of factors fell into either patient or 
environmental categories rather than the staff category. Because UTIs and CAUTIs make 
up a significant portion of nosocomial infections, nurses have an important role in 
preventing hospital-acquired CAUTIs. CAUTI is one of the nursing-sensitive quality 
indicators defined by the American Nurses Association (ANA), nosocomial infection is 
influenced by nursing care. The review results have demonstrated that staff factors 
included what staff should do to reduce hospital-acquired UTIs or CAUTI rather than the 
staff members’ characteristics. Staff members’ characteristics are important, especially 
because nurses’ characteristics are directly linked to nursing care and patient outcomes 
(Blegen et al., 1998; Curtin, 2003).  
Limited research exists linking nurse staff characteristics with patient and 
environmental characteristics. Although studies that directly investigated the relationship 
between nurse staffing and hospital-acquired UTIs or CAUTIs were insufficient, it was 
found that RN staffing, including education level, is an important factor for patient 
mortality and failure to rescue. The fact that CAUTIs have been associated with increased 
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mortality implies that RN staffing has the potential to affect hospital-acquired CAUTIs 
(Aiken et al., 2014; Givens & Wenzel, 1980; Platt, Polk, Murdock, & Rosner, 1982; 
Saint, 2000; Tambyah et al., 2002). A recent Institute of Medicine (IOM; 2010) report, 
The Future of Nursing, indicated the need for highly educated nurses from BSN-educated 
nurses to graduate level. Investigators and policymakers often focus on nurse-to-patient 
ratios rather than characteristics of the nursing staff. There is a need for a future study to 
address the impact of nurses’ characteristics on hospital-acquired CAUTIs.  
The conceptual framework contributed to the understanding of the factors 
associated with hospital-acquired UTIs and CAUTIs. Analyzing the literature using this 
structured framework provided scientific evidence for the study. This review contributes 
to the theory of hospital-acquired UTI and CAUTI, and through critical review of the 
literature, provides structured knowledge about the factors associated with hospital-
acquired CAUTI to address the gap in preventing hospital-acquired CAUTI. It is 
important for research to identify a knowledge gap where there is insufficient evidence 
for practice. There is a need for further research to investigate the relationship between 
nurse staffing and hospital-acquired CAUTIs. The review is also significant because it 
identified factors associated with CAUTI that can be used in a practical setting.  
Ethically, nurses are responsible for promoting patient advocacy, protecting the 
art and science of nursing, and encouraging excellence in nursing practice. To provide 
high-quality nursing care, it is crucial that not only quantitative considerations of RN 
staffing are required but also qualitative considerations such as the education status of 
staff and level of experience.  
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Operational Definition of Hospital-Acquired CAUTI 
The most widely used definition for hospital-acquired CAUTI was the CDC’s 
1998 definition. However, the University of Minnesota Medical Center (UMMC) uses 
the CDC/NHSN’s up-to-date definition of CAUTI. Therefore, this study uses the 
CDC/NHSN’s 2016 definition for CAUTI. 
Important patient-related factors for hospital-acquired CAUTI were female 
gender, old age, severe underlying illness, immunosuppressive status, and severe 
underlying disease. Important environmental factors for hospital-acquired CAUTI were 
duration of catheterization, aseptic placement technique, use of closed drainage systems, 
and urinary catheter reminder system. Important staff-related factors and interventions for 
hospital-acquired CAUTI were educating staff on UTIs and CAUTIs, and nurse-driven 
intervention. The results show a need for a future study that identifies the characteristic 
factors of staff that may have an influence on hospital-acquired CAUTI.  
In the following chapter, each variable described in the literature review will be 
operationalized, and the study’s methodology will be described in detail. Of the factors 
associated with hospital-acquired CAUTI found from the literature, available/attainable 
variables will be used in the data analysis. The final selected variables for data analysis 
will be described in detail in Chapter 3. Chapter 3 will explain an analytic plan to address 
research questions posed in Chapter 1, using the definition and variables introduced in 
Chapter 2.  
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CHAPTER III 
METHODOLOGY 
This chapter focuses on the methodology used in this study. The first section 
describes the research design and the setting. Detailed descriptions of datasets, outcomes, 
and factors associated with CAUTI follow, along with supporting rationale for their use. 
The analytic steps and rationale are presented in detail. Data analysis steps include: data 
selection, data preparation, data transformation, data mining, and model evaluation.  
Research Design and Settings 
Knowledge Discovery and Data Mining  
This study is designed as a retrospective observational study to develop a 
predictive model for hospital-acquired catheter-associated urinary tract infection 
(CAUTI). The study employs a knowledge discovery and data mining (KDDM) approach 
to unearth new knowledge from large datasets. The knowledge discovery and data mining 
approach encompasses a variety of statistical analysis, pattern recognition, and machine-
learning techniques (Freitas, 2002). This approach is often used for prediction, which is, 
using some variables in the database to predict the unknown values of other variables of 
interest. This research method is useful because it can reveal information hidden in large 
quantities of data and provide a framework for understanding this new information (Pal 
& Jain, 2007). The KDDM process can be described as an exhaustive search to find 
information that was previously unnoticed in a database (Giudici, 2003). It is an iterative 
process of identifying valid and ultimately useful patterns from large collections of data 
(Cios & Kurgan, 2005).  
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Large sample sizes allow researchers to discover new insights and knowledge and 
to create evidence-based guidelines for the clinical field. The use of electronic health 
records (EHRs) increases the potential for efficient access to comprehensive and 
standardized data, as EHRs contain a large quantity of patient information and provide 
massive amounts of structured and unstructured data.  
With the wide implementation of EHRs, the data mining approach is emerging as 
a useful tool for large-scale data analysis. The process of data mining consists of 
selecting, exploring, and modeling large amounts of data to uncover unknown patterns or 
relationships (Bellazzi & Zupan, 2008). The factors related to hospital-acquired CAUTIs 
are quite diverse, comprising factors related to the patient, environment, and staff. 
Because of this variety, studies of the impact or importance of such variables tend to 
yield inconsistent results. Traditional analytic methods have limitations investigating 
multiple interactions among many variables and providing in-depth knowledge from a 
large amount of data (Zhao & Luan, 2006).  
However, large datasets require complicated technological approaches for storage, 
management, extraction, and analysis. Also, data quality can present a problem, such as 
when important attributes are missing or when an overabundance of unnecessary data 
causes noisy data. Poor data quality lowers predictive performance and may obscure the 
real relationships among data. Hence, datasets require additional preprocessing prior to 
use. Another issue is that of overfitting. This usually occurs when a model is highly 
complex, such as when there are too many instances. An overly fitted model generally 
has poor predictive performance. Therefore, additional techniques, such as cross-
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validation or pruning, should be used to improve performance (Kohavi & Sommerfield, 
1995). 
The overall purpose of this study was to develop a predictive model for hospital-
acquired CAUTI using an EHR and nurse staffing data from multiple data sources. The 
study has two specific aims: first, to create a quality, de-identified dataset combining 
multiple data sources for machine learning tasks, and second, to develop and evaluate 
predictive models to find the best predictive model for hospital-acquired CAUTI. This 
predictive model can support the implementation of new knowledge discovered from the 
study related to hospital-acquired CAUTI. The findings from the study needs to be 
examined before implanting in real clinical settings.  
Setting 
The setting for this study includes three intensive care units (ICUs) for adults, 
specifically, a medical ICU (MICU), a surgical ICU (SICU), and a cardiovascular ICU 
(CVICU), all located at the University of Minnesota Medical Center (UMMC). The 
UMMC is a division of Fairview Health Services, a statewide network of hospitals, 
community clinics, and specialty clinics. Catheter-associated urinary tract infections are 
the most prevalent type of health care-associated infection in ICUs (Shuman & 
Chenoweth, 2010), making them an appropriate setting for the CAUTI. Indeed, according 
to an expert nurse at UMMC who reports CAUTI incidents, very few or no CAUTIs 
occur outside of ICUs (Mary Fran Tracy, personal communication, October 14, 2014).  
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Description of Datasets 
Three different datasets were used for this study. Dataset 1 from the University of 
Minnesota Academic Health Center- Information Exchange (hereafter referred to as the 
UMN AHC-IE dataset) includes electronic health records (EHRs) of ICU patients in the 
UMN data warehouse. Dataset 2, the National Database of Nursing Quality Indicators 
(NDNQI) for the UMMC (the UMMC-NDNQI dataset), includes nurse staffing data. 
Dataset 3 (the UMMC-ICU CAUTI dataset) includes a list of patients who acquired 
CAUTIs in the ICUs at UMMC. An electronic health records extracted from the UMN 
AHC-IE clinical data repositories (CDRs) were combined with NDNQI data and the list 
of CAUTI patients in ICUs. 
 The UMN AHC-IE dataset is a subset of existing EHR data from the UMN 
AHC-IE, a CDR that includes more than 2.4 million patients from seven hospitals and 
over 40 clinics. At the UMN AHC-IE, the following data categories are available: 
allergies, claims, demographics, diagnoses and problems, encounters and visits, 
flowsheets, histories, immunizations and vaccinations, institutions and locations, labs, 
medications, procedures, providers, and vitals. The University of Minnesota collaborated 
with Fairview Health Services and its Epic EHR system to create the CDR. The CDR has 
a consented production zone where production-ready clinical data are available for 
patients who did not opt out to have their data used for research. The UMN AHC-IE is 
funded through a Clinical Translational Science Award (CTSA) to accelerate research 
within the community and across CTSA sites. The selected subset of the EHR data for 
this study contains data on adult patients (aged 18 or over) admitted between January 1, 
   46 
 
2012, and June 30, 2015 to any of three ICUs (MICU, SICU, and CVICU) at the UMMC. 
Patients who did not have indwelling urinary catheters were excluded. The available data 
for research was collected from January 1, 2012. The total number of patients in three 
ICUs was 8,496. The total number of unique ICU admissions for final analysis was 
11,226, since a patient could have several ICU admissions during the relevant time 
period. 
The UMMC-NDNQI dataset consists of nurse staffing data. The UMMC submits 
unit-level nurse staffing data to the NDNQI on a quarterly basis. The NDNQI data are 
collected to measure nursing care quality and nursing work environment at a national 
level. More than 2,000 hospitals in U.S. and 98% of Magnet recognized clinical facilities 
participate in the NDNQI program (Press Ganey Associates, 2015). The nurse staffing 
data submitted to NDNQI between January 1, 2012, and June 30, 2015 in three ICUs 
were extracted, then included in the UMN data shelter for mapping with other datasets. 
The NDNQI-submitted data are collected based on nursing hours per patient day, skill 
mix of nursing staff, registered nurse (RN) education and certification, nurse turnover, 
nursing work environment, pressure ulcers/prevention, patient falls/prevention, pediatric 
pain assessment, healthcare-associated infections, restraint prevalence, psychiatric 
physical/sexual assault rate, and pediatric peripheral IV infiltration.  
The UMMC-ICU CAUTI dataset includes a list of patients who acquired CAUTIs 
during hospitalization in any of the three UMMC ICUs. The list is maintained separately 
in the UMMC ICU database to track patients with CAUTIs in the ICUs. The list includes 
the patient medical record number (MRN), department name, and date of CAUTI 
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diagnosis for each patient. The list of CAUTI patients was used to determine which 
patients acquired CAUTIs during hospitalization in the three ICUs. The list is the gold 
standard for the outcome measure in this study, as it was created after manual chart 
reviews using the Centers for Disease Control and Prevention (CDC) definition for 
CAUTI.  
Sample for the Study 
The UMN AHC-IE dataset and UMMC-NDNQI dataset were linked using 
department name and NDNQI reported date. The UMMC-ICU CAUTI dataset was 
matched to the UMN AHC-IE and UMMC-NDNQI dataset using patient MRN and date 
of CAUTI diagnosis. The relationship among the three datasets is illustrated in Figure 
3.1.  
 
Figure 3.1. Relationship of the three datasets of the study. 
 
 
 
Department Name 
NDNQI Reported Date 
UMN AHC-IE 
 
Patient Records 
Patient MRN 
Date of CAUTI Diagnosis 
UMMC-NDNQI 
Nurse Staffing Data 
A List of Patients with 
CAUTIs in ICUs 
UMMC-ICU CAUTI 
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Variables 
Outcome Variable 
According to the CDC definition, a CAUTI is a UTI where an indwelling urinary 
catheter was in place for more than 2 days on the date of UTI diagnosis, with the day of 
the device placement being day 1, and an indwelling urinary catheter was in place on the 
date of the UTI diagnosis or the day before (CDC/NHSN, 2016; Gould et al., 2010). An 
indwelling catheter is a drainage tube inserted into the urinary bladder through the 
urethra, left in place, and connected to a drainage bag (including leg bags).  
At the UMMC, patients are diagnosed as having CAUTIs based either on the 
CDC’s recent definition or a physician’s diagnosis. The ICUs maintain a list of patients 
who have been diagnosed with CAUTIs to provide better nursing care and follow-up. 
Because the determination of a CAUTI diagnosis is based on a combination of lab 
results, observation of symptoms, and clinical judgment, it is reasonable to use the list of 
patients with CAUTIs for the sake of accuracy and time. This study employed the list in 
order to determine whether a patient acquired a CAUTI in an ICU. Therefore, the 
outcome variable in this study refers to patients who acquired a CAUTI during 
hospitalization between January 1, 2012, and June 30, 2015, at one of three ICUs at 
UMMC; whose patient MRN appeared on the list of patients having CAUTIs in the ICUs 
(the UMMC-ICU CAUTI dataset); and who did not have a CAUTI/ UTI when admitted. 
A detailed description of the conceptual and operational definitions of the outcome 
variable can be found in Table 3.1. 
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Table 3.1.  
Conceptual and Operational Definitions of Outcome Variable 
Variable Conceptual Definition 
Operational Definition 
and Variable Type 
Patient with 
CAUTI 
(CDC/NHSN, 
2016) 
 A UTI where an indwelling urinary catheter was in place for >2 
calendar days on the date of event, with day of device placement 
being Day 1, AND an indwelling urinary catheter was in place on the 
date of event or the day before. If an indwelling urinary catheter was 
in place for > 2 calendar days and then removed, the date of UTI 
event must be the day of discontinuation or the next day for the UTI 
to be considered catheter-associated. 
 Indwelling catheter: A drainage tube that is inserted into the urinary 
bladder through the urethra, left in place, and connected to a drainage 
bag (including leg bags). These devices are also called Foley 
 A patient who meets the following 
criteria: 
1) A patient whose patient MRN 
exists in the list of patients who 
acquired CAUTIs in the ICUs 
during the period of 01/01/12– 
06/30/15 
2) A patient who did not have a 
CAUTI/ UTI when admitted  
 Binary  
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catheters. Condom or straight in-and-out catheters are not included 
nor are nephrostomy tubes, ileoconduits, or suprapubic catheters 
unless a Foley catheter is also present. Indwelling urethral catheters 
that are used for intermittent or continuous irrigation are included in 
CAUTI surveillance. 
0 = patient without CAUTI  
[does not appear on the list] 
1 = patient with CAUTI  
[appears on the list] 
 
51 
51 
 
Factors Associated with CAUTI 
Data selection is the process of sorting out variables relevant to a study (Fayyad, 
Piatetsky-Shapiro, & Smyth, 1996). The presence of too many unrelated variables can 
lower the efficiency and accuracy of data mining performance. Removing unnecessary 
variables and concentrating on essential data samples improves both the speed and 
quality of the data analysis.  
There are two data sources for the factors associated with CAUTI: the UMN 
AHC-IE and the UMMC-NDNQI.  The researcher reviewed the data in the UMN AHC-
IE and UMMC-NDNQI datasets, and selected or added variables potentially useful for 
this study based on the literature review and domain expertise. The results from the 
literature have shown that factors associated with hospital-acquired CAUTI are 
categorized into four parts: patient, environment, staff factors, and intervention. 
However, specific interventions were not measured in this study. The table 3.2 shows 
factors associated with CAUTI in three categories.  
The aim of this study was to create a predictive model for hospital-acquired 
CAUTIs in an effort to reduce the rate of such infections in the future. Thus, this study 
examined factors related to hospital-acquired CAUTIs; all of the patient variables 
collected at admission, during hospitalization, and at discharge were subject to analysis. 
 
 
 
 
52 
52 
 
Table 3.2.  
Factors associated with CAUTI in three categories 
 Variables Data Sources 
Patient 
Factors 
Age 
Gender 
Race 
Use of Immunosuppressive Agents  
Charlson Comorbidity Index Score prior to Admission 
Lab Results- WBC  
Lab- Results- Glucose  
Surgical Procedure History 
Pre-existing Indwelling Catheter 
UMN  
AHC-IE 
Environmental 
Factors 
Prior Hospitalization within 6 Months 
Length of Stay 
Rationale for Continued Use of Catheter 
UMN  
AHC-IE 
Staff Factors Total Nursing Hours per Patient Day 
Total RN Hours per Patient Day 
Skill Mix 
- Percentage of Direct Care RNs with 
Associate’s Degrees in Nursing 
- Percentage of Direct care RNs with Bachelor 
UMMC- 
NDNQI 
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of Science in Nursing (BSN), Master of 
Science in Nursing (MSN), or Doctor of 
Philosophy (PhD) 
- Percent of Direct care RNs with Specialty 
Nursing Certification 
 
Selected Variables from UMN AHC-IE, UMMC-ICU CAUTI, and UMMC-NDNQI 
Datasets 
The conceptual definitions of selected variables from the UMN AHC-IE, UMMC-
ICU CAUTI, and UMMC-NDNQI datasets are described in the following. 
Selected Variables for Data Extraction and Mapping 
Department name. This variable indicates where service was provided. The name 
of the department is used to limit the UMN AHC-IE data to the three ICUs at UMMC. 
There are three types of departments in this data— MICU, SICU, and CVICU. All three 
datasets include department name; therefore, this variable is one of the key variables 
linking the three datasets. 
Admission datetime and discharge datetime. These variables indicate when a 
patient was admitted and discharged from the hospital; therefore, the dates define a 
hospitalization period. The patient admission date must be within the range of January 1, 
2012, to June 30, 2015. Discharge datetime is used to calculate the number of days stay 
in hospital. Once used, these variables are not included in the analysis. 
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Medical Record Number (MRN). The patient MRN is one of the key variables for 
linking the UMN AHC-IE and UMMC-ICU CAUTI datasets.  
Master service ID. Each master service represents a single hospitalization for a 
given patient, and may include several services performed during that one hospitalization. 
When developing a predictive model, a patient’s hospitalization with unique ICU 
admission was analyzed to see the consequences of a hospitalization at a ICU related to 
CAUTI occurrence. Since a patient could have several hospitalizations between January 1, 
2012 and June 30, 2015, it is logical to investigate the results of each hospitalization that 
may have resulted in a CAUTI.  
Lab result date. The date on which a lab sample was tested must be between 
January 1, 2012, and June 30, 2015. Because the conditions of immunosuppression or 
blood sugar level > 200 mg/dl are associated factors of CAUTI, it is important to capture 
the appropriate lab results for each patient. 
Diagnosis date of CAUTI. The date a patient was diagnosed as having a CAUTI 
was used to link the diagnosis to a patient’s specific hospitalization.  
Selected Variables for Data Analysis 
Age. Age is defined as a patient’s age at admission. Older age is a predictor of 
CAUTI.  
Gender. A patient’s gender was either male or female. This variable is selected 
because female gender is a predictor of CAUTI. 
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Race. A patient’s race was included in the analysis. Race includes three categories: 
White, non-White, and unknown. Due to the prevalence of Whites in Minnesota’s 
population distribution, non-Whites were combined together for the data analysis.  
Use of immunosuppressive agents. A patient was considered as using 
immunosuppressive agents when “immunosuppressive agents” category existed in the 
patient’s medication list. Use of immunosuppressive agents is associated with CAUTI.  
Charlson Comorbidity Index Score. Charlson comorbidity index score is a 
commonly used tool to quantify comorbidity of a patient (Southern, Quan, & Ghali, 
2004). Charlson Comorbidity Index Score prior to admission was used to find illness 
burden at admission that might be associated with patient outcome. Charlson et al. (1987) 
defined 17 comorbidities and designated weights to measure burdens of clinical 
conditions (Charlson, Pompei, Ales, & MacKenzie, 1987). Quan et al. (2005) developed 
the International Classification of Disease, 9th Revision, Clinical Modification (ICD-9-
CM) coding algorithms for the Charlson comorbidities (Quan et al., 2005). This study 
used Quan et al.’s algorithms to calculate the severity of a patient’s illness prior to 
admission. Only the diagnosis codes bearing the “Present-on-Admission (POA)” 
indicator were used in these calculations. The Centers for Medicare and Medicaid 
Services (CMS) do not provide payment for hospital-acquired conditions. Thus, CMS 
collects a POA indicator for all claims involving inpatient admission. The POA indicator 
was used to determine whether or not the diagnosis code was present at admission. The 
comorbidities, related weights, and ICD-9-CM are presented in Table 3.3. The total 
weights were discretized using three categories: 0, 1–2, and ≥ 3. 
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Table 3.3.  
Weighted Index of Comorbidities 
Weight Comorbidities ICD–9–CM 
1 Myocardial infarction 410.x, 412.x 
Congestive heart failure 398.91, 402.01, 402.11, 402.91, 
404.01, 404.03, 404.11, 404.13, 404.91, 
404.93, 425.4–425.9, 428.x 
Peripheral vascular 
disease 
093.0, 437.3, 440.x, 441.x, 
443.1–443.9, 447.1, 557.1, 
557.9, V43.4 
Cerebrovascular disease 362.34, 430.x–438.x 
Dementia 290.x, 294.1, 331.2 
Chronic pulmonary 
disease 
416.8, 416.9, 490.x-505.x, 506.4, 508.1, 
508.8 
Peptic ulcer disease 531.x–534.x 
Mild liver disease 070.22, 070.23, 070.32, 070.33, 070.44, 
070.54, 070.6, 070.9, 570.x, 571.x, 
573.3, 573.4, 573.8, 573.9, V42.7 
Diabetes without chronic 
complication 
250.0–250.3, 250.8, 250.9 
2 Diabetes with chronic 250.4–250.7 
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complication 
Hemiplegia or paraplegia 334.1, 342.x, 343.x, 344.0–344.6, 344.9 
Renal disease 403.01, 403.11, 403.91, 404.02, 404.03, 
404.12, 404.13, 404.92, 404.93, 582.x, 
583.0–583.7, 585.x, 586.x, 588.0, 
V42.0, V45.1, V56.x 
Any malignancy, including 
lymphoma and leukemia, except 
malignant neoplasm of skin 
140.x–172.x, 174.x–195.8, 200.x–208.x, 
238.6 
3 Moderate or severe liver disease 456.0–456.2, 572.2–572.8 
6 Metastatic solid tumor 196.x–199.x 
AIDS/HIV 42.x–044.x 
 
Prior hospitalization within 6 months. Prior hospitalization within 6 months refers 
to a patient’s experience of hospitalization within 6 previous months. Hospitalization 
within the previous 6 months is associated with CAUTI.  
Length of stay. Length of stay refers to the number of a patient’s hospitalization 
days. Excess length of stay is related to high rates of nosocomial infections in ICUs 
(Rosenthal et al., 2003).  
Lab result— WBC. White blood cell (WBC) lab result indicates whether a patient 
is in immunosuppression or not. The condition of immunosuppression is associated with 
58 
58 
 
CAUTI. A patient is considered to be immunosuppressed when the lab result for his or 
her WBC count (normal: 4,500–10,000 cells/mcL) is under 4,500 (CDC, 2007).  
Lab result— glucose. Glucose lab result indicates a patient’s blood sugar level. 
Glucose level >200 mg/dl is an associated factor of CAUTI (Hagerty et al., 2015).  
Surgical procedure history. Surgical procedure history is defined as having 
surgical procedure codes in the EHR. History of surgery is a predictor of CAUTI.  
Pre-existing indwelling urinary catheter. This variable shows if the patient had an 
indwelling urinary catheter at admission. This variable was used to see if presence of a 
urinary catheter at admission had any influence on CAUTI occurrence.  
Rationale for continued use of catheter. According to CDC recommendation, 
patients are at risk if an indwelling urinary catheter remains in place for more than 48 
hours. Rationale for continued use of catheter in this study refers to having any of the 
rationale following for continued use of catheter: anesthesia, incontinence, deep 
sedation/paralysis, end of life, epidural/intrathecal catheter, 
genitourinary/gastrointestinal/gynecology pelvic procedure, gross hematuria, insertion 
difficulty, neurogenic bladder, obstruction, retention, strict Input & Output, transplant, or 
wound healing. This variable shows a binary answer for whether there was a reason for 
leaving the indwelling catheter in place for more than 48 hours. This variable was 
recorded in flowsheet data where nurses document their assessment, intervention, or 
patient care provided. 
CAUTI diagnosis. This variable represents whether a patient was diagnosed with a 
CAUTI during the hospitalization. If the answer was “yes”, then the patient’s current 
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hospitalization resulted in CAUTI. At the UMMC, the determination of a CAUTI 
diagnosis is based on a combination of lab results, observation of symptoms, and clinical 
judgment. 
Total nursing hours per patient day. This variable refers to the number of 
productive hours worked by RNs, LVN/LPNs, and UAPs per patient day. 
Total RN hours per patient day. This variable represents the number of productive 
hours worked by RNs per patient day. Research has shown that a higher proportion of 
hours of care per day provided by RNs is associated with a shorter length of stay and 
lower rates of UTIs and other adverse patient outcomes (Needleman et al., 2002). The 
skill mix of the nursing staff has an influence on the quality of care and patient outcomes 
(Joint Commission, 2009). If the hours supplied by RNs is insufficient, less- skilled staff 
may perform tasks for which they are not trained, thus increasing the risk of adverse 
patient outcomes (NDNQI, 2012). 
Percentages of direct care RNs with associate degrees in nursing. This variable 
measures direct care RNs’ educational level with associate degrees. 
Percentages of direct care RNs with BSN, MSN, or PhD. This variable represents 
the percent of RNs with BSNs or higher nursing degrees, which is related to better patient 
outcomes (Aiken et al., 2003). The Institute of Medicine (IOM) report “The Future of 
Nursing” recommended higher levels of education and training for nurses in order to 
meet the patient needs and provide safe, high-quality, and patient-centered care (IOM, 
2010). 
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Percentage of direct care RNs with specialty nursing certification. This variable 
measures the percentage of certified nurses who provide direct care. A higher percentage 
of certified nurses is related to better patient outcomes (Westra et al., 2013; Bliss et al., 
2013), and certified nurses perform better than non-certified nurses when testing specialty 
knowledge (Kendall-Gallagher & Blegen, 2009). 
Between the NDNQI data is collected quarterly, the date range between January 
1, 2012, and June 30, 2015 included several quarters. The reporting periods are presented 
in Table 3.4. 
Table 3.4.  
The quarterly reporting period for NDNQI between January 1, 2012, and June 30, 2015 
2012_Q1 01/01/12– 03/31/12 2013_Q4 10/01/13– 12/31/13 
2012_Q2 04/01/12– 06/30/12 2014_Q1 01/01/14– 03/31/14 
2012_Q3 07/01/12– 09/30/12 2014_Q2 04/01/14– 06/31/14 
2012_Q4 10/01/12– 12/31/12 2014_Q3 07/01/14– 09/30/14 
2013_Q1 01/01/13– 03/31/13 2014_Q4 10/01/14– 12/31/14 
2013_Q2 04/01/13– 06/31/13 2015_Q1 01/01/15– 03/31/15 
2013_Q3 07/01/13– 09/30/13 2015_Q2 04/01/15– 06/30/15 
 
The summary of selected variables is presented in Table 3.5. Selected variables 
are associated factors of CAUTI or work as keys used to link or limit the data tables 
using structured query language (SQL) queries; after their initial use, these linking keys 
are not included in the data analysis. 
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Table 3.5.  
Summary of selected variables from UMN AHC-IE, UMMC-ICU CAUTI, and UMMC-NDNQI datasets 
Selected Variables for Data Extraction and Mapping 
Variable Description Values Data 
Type 
Rationale Source 
Department Name Name of the 
department 
MICU, SICU, and CVICU Not 
included 
in data 
analysis 
Limits data to patients 
at the three ICUs at 
UMMC 
All Three 
Datasets 
Admission 
Datetime 
Date of admission 
to the hospital 
MM/DD/YY 
(Between 01/01/12 and 06/30/15) 
The admission date 
should be between 
01/01/12 and 06/30/15 
UMN 
AHC-IE 
Discharge Datetime Date of discharge 
from the hospital 
MM/DD/YY 
(Between 01/01/12 and 06/30/15) 
To calculate the length 
in days of the hospital 
stay 
UMN 
AHC-IE 
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Patient MRN Patient’s MRN ###### A key variable used to 
link the data tables 
UMN 
AHC-IE / 
UMMC-
ICU 
CAUTI 
Master Service ID Each master service 
represents a single 
hospitalization of a 
given patient  
###### Each master service 
comprises several 
services during one 
hospitalization 
UMN 
AHC-IE 
Lab Result Date The date on which 
the sample was 
tested at the lab 
MM/DD/YY 
(Between 01/01/12 and 06/30/15) 
The date the lab 
sample was tested at 
the lab should be 
between 01/01/12 and 
06/30/15 
UMN 
AHC-IE 
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Diagnosis Date of 
CAUTI 
The date a patient 
was diagnosed as 
having a CAUTI 
MM/DD/YY 
(Between 01/01/12 and 06/30/15) 
To limit the diagnosis 
to a patient’s certain 
hospitalization 
UMMC- 
ICU 
CAUTI 
Selected Variables for Data Analysis 
Age Patient age at the 
time of 
hospitalization 
Young Adult (18 ≤ and ≤ 35) 
Middle-aged Adult (36 ≤ and ≤ 55) 
Young-old Adult (56 ≤ and ≤ 74) 
Old-old Adult (75 ≤) 
Categor
y 
Older age is a 
predictor of CAUTI 
UMN 
AHC-IE 
Gender Gender of patient Male 
Female 
Binary Female gender is a 
predictor of CAUTI 
UMN 
AHC-IE 
Race Race of a patient White 
Non-White 
Unknown 
Categor
y 
 
 
 UMN 
AHC-IE 
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Use of 
Immunosuppressive 
Agents 
If a patient used 
immunosuppressive 
agents 
Yes 
No 
Binary Immunosuppression is 
associated with 
CAUTI 
UMN 
AHC-IE 
Charlson 
Comorbidity Index 
Score 
Charlson 
Comorbidity Index 
Score using 
diagnoses at 
admission  
Weight Comorbidities 
1 Myocardial infarction 
Congestive heart failure 
Peripheral vascular disease 
Cerebrovascular disease 
Dementia 
Chronic pulmonary disease 
Peptic ulcer disease 
Mild liver disease 
Diabetes without chronic 
complication 
Continu
ous 
To find potential 
illness burdens present 
on admission that 
might be associated 
with patient outcome. 
“Present on 
Admission” is an 
indicator of which 
diagnosis code was 
used. 
UMN 
AHC-IE 
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2 Diabetes with chronic 
complication 
Hemiplegia or paraplegia 
Renal disease 
Any malignancy 
3 Moderate or severe liver 
disease 
6 Metastatic solid tumor 
AIDS/HIV 
 
Prior 
Hospitalization 
within 6 Months 
Patient is 
readmitted within 6 
months 
Yes 
No 
Binary Readmission within 6 
months is an 
associated factor of 
CAUTI 
UMN 
AHC-IE 
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Length of Stay Number of days the 
patient was an 
inpatient 
###### (1—169 days) Continu
ous 
Length of stay has an 
influence on 
nosocomial infections 
UMN 
AHC-IE 
Lab Result — WBC Description of 
WBC lab result 
WBC count < 4,500 cells/mcL  
N/A 
Binary Immunosuppression is 
associated with 
CAUTI 
UMN 
AHC-IE 
Lab Result —
Glucose 
Description of 
glucose lab result 
Glucose level > 200 mg/dl 
N/A 
Binary Glucose level >200 
mg/dl is associated 
with CAUTI 
UMN 
AHC-IE 
Surgical Procedure 
History 
Surgical codes  
(ICD-9) 
Yes 
No 
Binary History of surgery is 
associated with 
CAUTI 
UMN 
AHC-IE 
Pre-existing 
Indwelling Urinary 
Patient with 
indwelling urinary 
Yes 
No 
Binary To investigate if pre-
existing catheters have 
UMN 
AHC-IE 
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Catheter catheter at 
admission 
influence on CAUTI 
occurrence 
Rationale for 
Continued Use of 
Catheter 
Reason for leaving 
indwelling catheter 
more than 48 hours 
Yes 
No 
Binary According to CDC 
recommendation, 
patients are at risk if 
an indwelling urinary 
catheter is in place 
more than 48 hours. 
Thus, there should be 
a reason why an 
indwelling catheter is 
in place. 
UMN 
AHC-IE 
CAUTI Diagnosis A patient’s 
diagnosis of 
Yes 
No 
Binary  UMMC- 
ICU 
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CAUTI 
Total Nursing 
Hours per Patient 
Day 
The number of 
productive hours 
worked by RN, 
LVN/LPN, and 
UAP per patient 
day 
0–24 hours Continu
ous 
The relationship 
among nurse staffing, 
quality of care and 
patient outcomes has 
been widely studied. 
UMMC-
NDNQI 
Total RN Hours per 
Patient Day 
Percentage of 
Direct Care RNs 
with Associate 
Degrees in Nursing 
Percentage of RNs 
in each educational 
level 
0–100% Continu
ous 
A higher percentage of 
RNs with BSN or 
higher nursing degrees 
is related to better 
patient outcomes 
UMMC-
NDNQI 
Percentage of 
Direct Care RNs 
with BSN, MSN, or 
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PhD 
Percentage of 
Direct Care RNs 
with Specialty 
Nursing 
Certification 
Percentage of RNs 
with specialty 
nursing 
certification  
0–100% Continu
ous 
A higher percentage of 
certified nurses is 
related to better 
patient outcomes 
UMMC-
NDNQI 
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Steps in the Analysis 
Fayyad et al. (1996) described the KDDM in their work as an interactive and 
iterative process. The steps of the KDDM process are illustrated in Figure 3.2.  
 
Figure 3.2. An overview of the steps of the KDDM process 
 The first step of KDDM (previously described) is selecting a target dataset. It is 
essential to identify a subset of data on which data mining is to be performed. The next 
step of KDDM is preprocessing the data, which involves data cleaning, such as removing 
noisy data, collecting the necessary information for model construction, and 
compensating for missing data fields. Noisy data is meaningless; it cannot be computed 
by machines. The third step of KDDM is the transformation of data, including reducing 
data, discretizing numeric attributes, putting data in a unified format, selecting attributes, 
and transforming multiple classes in an attribute into binary ones. Dimensionality 
reduction, or the transformation of data, reduces the useful number of attributes under 
consideration. Data preparation and transformation are important for actual data mining 
in the following step. The pre-data mining process accounts for roughly 70% of the 
KDDM process (Ganas, 2009). Therefore, considerable time and effort should be spent 
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on preparing data. The fourth step of KDDM is data mining. Patterns of interest are 
investigated using the data mining algorithms. This process consists of applying data 
analysis and discovery algorithms that produce a particular list of patterns or models from 
the data (Fayyad et al., 1996). This is an important step, best performed by an expert in 
the field. The model itself is meaningless if experts do not make appropriate 
interpretations. The fifth step entails interpreting mined patterns; at this stage, one or 
more of the previous steps may be repeated for further iteration. The sixth step is using 
the knowledge discovered from the process, which involves incorporating the knowledge 
into another system for further action or reporting it to other relevant parties.  
Analytic Software 
Data preparation was carried out using two software; SQL and Python. SQL was 
used for data extraction and combination after data tables were delivered to the 
researcher. The Python was used for preprocessing and transformation of data. The data 
were then collapsed into an integrated dataset, because many data mining techniques 
require the data to be in this format (Breault, Goodall, & Fos, 2005).  
The analysis was carried out using the Weka program, commonly used data 
mining software developed by a machine learning group at the University of Waikato, 
New Zealand. Weka supports data preprocessing, attribute selection, visualization of data 
and analyses such as clustering, classification, and regression.  
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Data Analysis 
Data Preprocessing  
Collecting structured data using EHR systems does not always guarantee high-
quality data. Common reasons for compromised data quality include missing information, 
misspelled data, incorrectly categorized data, use of different variables to signify the 
same concepts, use of retired variables, and use of higher-concept definitions when more 
detailed sub-concept definitions are available (Brown & Kros, 2003). 
There are several ways to handle missing data: a) eliminate all missing values; b) 
treat missing values as special values “unknown”; c) substitute a feature’s mean value by 
calculating from available data to fill in missing data values; d) choose the most common 
feature values; e) use the closest fit algorithm, which replaces a missing value with an 
existing value of the same attribute from another case that resembles it as closely as 
possible; f) imputing missing values using k-nearest neighbors; and g) impute missing 
values using neural networks (Kaiser, 2014; Kotsiantis, Kanellopoulos, & Pintelas, 
2006). Misspelled data, incorrectly categorized data, different variables for the same 
concept, and retired variable are considered as separate variable from correctly 
documented variable, which have different meaning. However, the data actually indicate 
the same concept. These data can mislead the analysis and may result in wrong 
conclusion. Use of higher-concept definitions rather than detailed sub-concept definitions 
provide insufficient information about the variable. 
 Therefore, before conducting the analysis, data were cleaned and organized to 
enhance the quality of the final product. In this study, the data in the UMN AHC-IE 
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dataset required preprocessing to ensure best results. Because NDNQI-submitted data are 
reportable and publishable data, their quality was better than that of UMN AHC-IE data. 
The data in the UMMC-ICU CAUTI dataset were clean as a gold standard for this study. 
Data Transformation 
A large number of possible variables makes the data mining process slow and 
ineffective (Kotsiantis et al., 2006). Therefore, data were transformed into a simpler 
format to reduce the number of possible values to enhance the data mining performance. 
Data transformation consisting of data discretization, binarization, and data format 
unification followed the preprocessing. Data discretization is defined as a process of 
converting continuous variable into a finite set of intervals without loss of information 
(Jin, Breitbart, & Muoh, 2009). Data discretization is needed when the task involves 
numerical attributes but the chosen data mining algorithm better/only computes 
categorical ones. During data discretization, numerical values such as patient age were 
converted into categorical ones. Data binarization refers to converting data with multiple 
classes into binary format (FernáNdez, LóPez, Galar, Del Jesus, & Herrera, 2013). Data 
format unification cleans scattered format of data such as date and time, to improve data 
processing. Table 3.6 represents the data transformation methods for each variable 
selected.  
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Table 3.6.  
Data Transformation Methods for Each Variable 
Variables Values 
Data 
Transformation 
Age Young Adult (18 ≤ and ≤ 35) 
Middle-aged Adult (36 ≤ and ≤ 55) 
Young-old Adult (56 ≤ and ≤ 74) 
Old-old Adult (75 ≤) 
Continuous → 
Categorical  
Race White 
Non-White 
Unknown 
Simplified 
format 
Use of Immunosuppressive 
Agents 
Yes 
No 
Nominal → 
Binary 
Charlson Comorbidity Index 
Score 
0 
1–2 
3 ≤ 
Continuous → 
Categorical 
Lab Result—WBC Yes 
N/A 
Continuous → 
Binary 
Lab Result—Glucose Yes 
N/A 
Continuous → 
Binary 
Surgical Procedure History Yes Nominal → 
75 
 
 
No Binary 
Rationale for Continued Use of 
Catheter 
Yes 
No 
Nominal → 
Binary 
 
Data Mining Analysis 
 Linking aims to the analytic plan. For the first aim of this study— creating a 
quality, de-identified dataset combining multiple data sources for machine learning 
tasks—three data sources were merged into an integrated data file, and data were 
preprocessed to be compatible with the analytic software. The merging process 
comprised two steps. First, the UMN AHC-IE and UMMC-ICU CAUTI datasets were 
linked using patient MRN, department ID, and CAUTI diagnosis date; these datasets 
were merged using SQL queries. Then this merged dataset was mapped with the UMMC-
NDNQI dataset using department ID and NDNQI reporting period. If a single patient had 
multiple hospitalizations with different departments or reporting periods, each 
hospitalization was counted separately because nurse staffing data were different for each 
department or reporting period. The Python program was used to preprocess the data and 
create the final integrated data file for analytic software.  
For the second aim of this study— developing and evaluating predictive models 
to find the best predictive model for hospital-acquired CAUTIs —the researcher 
employed classification modeling. This process entails learning a function that classifies 
data into one of several predefined classes (Kohavi & Quinlan, 2002). This study uses 
two predefined classes as outcomes: patients with a CAUTI and patients without a 
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CAUTI. Classification modeling comprises several data mining methods, but not all of 
them were suitable for this study; different data mining methods require different data 
types, so it is important to consider the data types of the selected variables when choosing 
data mining methods. Selected variables from the UMN AHC-IE are mostly categorical 
and include nominal and binary values. Selected variables from the UMMC-NDNQI and 
the UMMC-ICU CAUTI datasets are mostly numeric, which means they are continuous 
variables. Therefore, the data mining methods for this study must be capable of 
processing both categorical and numerical data. The prediction models from data mining 
process were compared using discrimination ability and clinical interpretability 
(discussed later in this chapter). The data mining process can create robust prediction 
models that have high performance, but sometimes the results are not understandable or 
clinically valid. Therefore, it is important to take clinical interpretability into 
consideration. 
Unbalanced classes may lower the predictive power of a model. This is important 
because there is a critical gap between the number of patients with CAUTI (n=10,365) 
and patients without CAUTIs (n=55). In this study, a cost-sensitive classification method 
was used to counter class imbalance. Cost-sensitive classification is popularly used in 
cases of highly imbalanced class distributions (Japkowicz & Stephen, 2002). Cost-
sensitive classification refers to the classification method that uses misclassification costs 
as a penalty to correct class imbalance; the goal is to minimize the total cost (Ling & 
Sheng, 2011). Most classification algorithms are programmed to minimize the error rate 
regardless of misclassification errors. That is, whether the error is false positive or false 
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negative, misclassification error are treated equally. However, in medical diagnosis, 
different types of misclassification errors have different consequences (Turney, 1995). 
For example, if a patient with a CAUTI is the positive class and a patient without a 
CAUTI is negative, then misclassifying a CAUTI (e.g., the patient is positive but 
classified as negative—a false negative) is far more serious, and therefore expensive, than 
a false positive error. The delay in proper diagnosis and treatment can even endanger the 
patient. Therefore, cost-sensitive classification gives much higher cost (penalty) to false 
negatives than to false positives. Mostly, the rarer class is regarded as the positive class; 
misclassifying an actual positive as a negative (i.e., a false negative) entails a much 
higher cost than misclassifying an actual negative as a positive. In cost-sensitive 
classification, any given instance should be classified into the class that has the minimum 
expected cost. This principle prevents an instance from being classified as a false 
negative.  
When constructing and evaluating predictive models, it is important that they not 
be built and tested on the same dataset for accuracy (Dreiseitl & Ohno-Machado, 2002). 
Therefore, a dataset is usually divided into two sets: a training set, which is a set of 
examples used to construct the prediction model, and a test set, which is used to estimate 
the prediction performance of the model (Penny & Chesney, 2006). Generally, the larger 
the training sample, the better the model; by the same logic, the larger the test sample, the 
more reliable the error estimate. The standard way to validate a model’s performance is 
to use stratified tenfold cross-validation (Witten et al., 2011). In this procedure, the data 
are divided randomly into 10 approximately equal partitions; each portion is then used for 
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testing, while the remainder are used for training. That is, nine-tenths of the data are used 
for training and one-tenth is used for testing, and the procedure is repeated 10 times so 
that each instance has been used once for testing. This study used tenfold cross-validation 
for model development and validation.                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                    
Data mining techniques for data analysis. What follows is a description of the 
classification data mining techniques that were used in this study—specifically, decision 
trees, logistic regression, and support vector machines.  
Decision trees. Decision trees (DTs) are tree-like structures that start from root 
nodes and end with leaf nodes. Decision trees have several branches consisting of 
different attributes, and the leaf node on each branch represents a class or a kind of class 
distribution. The model is shown in Figure 3.3.  
 
Figure 3.3. Graphical representation of decision trees. 
Decision trees describe the relationship among attributes and the relative 
importance of attributes. This method uses recursive data separation to construct a tree 
Root node 
Leaf node 
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for the purpose of improving predictive accuracy. Mathematical algorithms are used to 
identify an attribute and corresponding threshold that splits the input observation into two 
or more subgroups. The threshold maximizes the homogeneity of the resulting subgroups. 
This step is repeated at each leaf node until the complete tree is constructed. The most 
commonly used mathematical algorithm for splitting is entropy-based information gain, 
which is used at each split. When this split is maximized, entropy decreases (Dreiseitl & 
Ohno-Machado, 2002). Decision trees are easy to interpret. However, they are not 
sensitive to outliers and it has overfitting problem. Due to overfitting, DTs may yield 
results that are too complex and do not generalize well from the training data. To avoid 
this, appropriate pruning is necessary. Pruning is a technique that reduces the DT size to 
identify smaller tree with the lowest error rate (Bradford, Kunz, Kohavi, Brunk, & 
Brodley, 1998). In Weka, the RepTree function was used. 
Logistic regression. Logistic regression (LR) is an extension of traditional 
regression wherein a set of independent attributes is usually used to model a binary 
outcome (Bellazzi & Zupan, 2008). Logistic regression is an appropriate method for this 
study to model the dichotomous variable of patients with CAUTIs and patients without 
CAUTIs. Logistic regression builds the model to predict the odds of an event’s 
occurrence using weights to maximize the log-likelihood. An odds ratio (OR) is a 
measure of association between a variable and an outcome. When OR>1, a variable is 
associated with higher odds of outcome; when OR<1, a variable is associated with lower 
odds of outcome; when OR=1, a variable does not have influence the odds of outcome 
(Scotia, 2010). Although LR is vulnerable to overfitting, it has proven to be robust in a 
80 
 
 
number of domains and has proven to be an effective method of estimating probabilities 
from dichotomous variables (Long, Griffith, Selker, & D'agostino, 1993). In Weka, the 
Logistic function was used. 
Support vector machines. Support vector machines (SVMs) are among the most 
powerful classification algorithms in terms of predictive accuracy (Cristianini & Shawe-
Taylor, 2000). Support vector machines are becoming popular in the bioinformatics field 
because of its robust performance and strong mathematical/statistical foundations 
(Bellazzi & Zupan, 2008). Support vector machines work well with high-dimensional 
data, and overfitting is unlikely to occur. However, they require extensive computing 
memory and time to deal with the large amounts of data. Also, the decision during the 
modeling process are not easy to interpret (Barbella et al., 2009). The core of the SVM 
method is a process that finds a hyperplane, which separates the examples into different 
outcomes. An example is illustrated in Figure 3.4. Being separated for two-class 
problems, SVMs find an optimal hyperplane with a maximum distance to the closest 
point of each of the two classes. When separated, similarity of the points to each other is 
important. The similarity is computed by kernel function (Leslie, Eskin, & Noble, 2002). 
The linear kernel function that leads to a linear decision hyperplane was used in this 
study. In Weka, the SMO method was used. 
81 
 
 
 
Figure 3.4. Scatterplot of attributes with maximum margin hyperplanes found by an 
SVM. 
Model Evaluation 
The main criterion for assessing the quality of a classification model is 
discrimination ability (Witten et al., 2011). Discrimination is a measure of how well two 
classes in a dataset are separated. Commonly used measures of discrimination are 
sensitivity, specificity, accuracy, and the area under the receiver operating characteristic 
(ROC) curve (Beck & Shultz, 1986; Lavrač, 1999). Weka provides the percentages of 
sensitivity, specificity, and accuracy as well as the area under the ROC curve for each 
trained model. 
Margin 
Decision Hyperplane 
Support Vectors 
Patients with CAUTI 
Patients without CAUTI 
82 
 
 
In evaluating the models, the researcher used the number of false negatives, 
accuracy, sensitivity, precision, specificity, and area under the ROC curve to compare the 
results of several classifiers. Also, the models should be clinically interpretable. Accuracy 
refers to the overall performance of a model. Sensitivity, precision, and specificity are 
indicated by true positive (TP), true negative (TN), false positive (FP), and false negative 
(FN). In this study, TPs refer to the number of patients with CAUTI who are correctly 
sorted into the patient-with-CAUTI group; TNs refer to the number of patients without 
CAUTI who are correctly sorted into the patient-without-CAUTI group; FPs refer to the 
number of patients without CAUTI who are incorrectly sorted into the patient-with-
CAUTI group; and FNs refer to the number of patients with CAUTI who are incorrectly 
sorted into the patients-without-CAUTI group. 
Sensitivity (or TP rate, as Weka calls it) refers to the ability of a test to be positive 
when the condition is actually present, it is calculated by measuring TPs among all 
positive assessments, including TPs and FNs (Zhu, Zeng, & Wang, 2010): 
𝑇𝑃 (𝑇𝑃 + 𝐹𝑁)⁄ . In this study, sensitivity refers to the number of patients with CAUTIs 
whom the model classifies correctly into the patient-with-CAUTI group (TP) divided by 
the total number of patients who actually have CAUTIs (TP + FN). Sensitivity ranges 
from 0 to 1, and it is considered the higher the better.  
Precision (positive predict value) is the ability when the model predicts positive, 
how often it is correct. Therefore, precision is the proportion of TPs among the all 
positively classified positives (TP + FP): 𝑇𝑃 (𝑇𝑃 + 𝐹𝑃)⁄ . In this study, precision refers 
to the number of patients with CAUTIs whom the model classifies correctly into the 
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patient-with-CAUTI group (TP) divided by the total number of patients that the model 
classified as positive (TP+ FP). Precision and sensitivity both focuses on TPs; however, 
precision finds TPs among all positively classified patients (TP + FP), whereas 
sensitivity finds TPs among all patients who actually have positive conditions (TP + FN). 
Specificity (or TN rate) measures the proportion of TNs that are correctly 
identified as negative. In this study, specificity refers to the number of patients without 
CAUTIs whom the model classifies correctly into the patient-without-CAUTI group (TN) 
divided by the total number of patients who actually do not have CAUTIs (TN + FP): 
𝑇𝑁 (𝑇𝑁 + 𝐹𝑃)⁄ . 
The area under the ROC curve is used to evaluate and compare overall model 
performance (Witten et al., 2011). The discrimination of the model —that is, its ability to 
distinguish between patients with CAUTIs and patients without CAUTIs—was evaluated 
by calculating the area under the ROC curve. The discrimination of a predictive model is 
accurate if the area is 1; it is considered acceptable if it is more than 0.7 (Redon et al., 
2010).  
Ethical issues 
This study was approved by the UMN institutional review board (IRB) for 
medical chart review of the study (IRB study number: 1506E72421). The data was de-
identified except for the patient’s MRN and dates associated with events. A limited 
dataset that includes the patient MRN and dates associated with patient (e.g. labs, birth 
date, admission, discharge, and transfer) were needed to do the mapping of the datasets. 
The data for this study was available in the UMN AHC-IE data secure data shelter, 
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accessible only by virtual private network (VPN). Since the data was only available to the 
researcher and dissertation committee assisting with analysis in the secure workbench at 
the individual patient-identifiable level, there were no additional risks to subjects. Only 
aggregated data resulting from analyses, were removed from the secure data shelter. 
Conclusion 
 This study used KDDM approach for prediction, to uncover new knowledge using 
large amount of data. The KDDM process consist of data selection, preprocessing, 
transformation, data mining, implementation/evaluation, and knowledge discovery. The 
setting for the study includes three ICUs for adults located at the UMMC. Three different 
datasets were used for this study; Dataset 1 (the UMN AHC-IE dataset) including EHRs 
of ICU patients, dataset 2 (the UMMC-NDNQI dataset) including quarterly reported 
nurse staffing data, and dataset 3 (the UMMC-ICU CAUTI dataset) including a list of 
patients who acquired CAUTIs in the ICUs at UMMC. The UMN AHC-IE and the 
UMMC-NDNQI datasets included factors associated with CAUTI, whereas the UMMC-
ICU CAUTI included outcome variable. The study employed the list in the UMMC-ICU 
CAUTI dataset as outcome variable. Selected factors associated with CAUTI in the UMN 
AHC-IE dataset include age, gender, race, use of immunosuppressive agents, Charlson 
Comorbidity Index Score, prior hospitalization within 6 months, length of stay, lab 
result—WBC and glucose, surgical procedure history, presence of pre-existing 
indwelling urinary catheter, and rationale for continued use of catheter. Selected factors 
associated with CAUTI in the UMMC-NDNQI dataset include total nursing hours per 
patient day; total RN hours per patient day; skill mix—percentage of direct care RNs with 
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an associate degree in nursing; percentage of direct care RNs with bachelor of science in 
nursing (BSN), master of science in nursing (MSN), or Doctor of Philosophy (PhD); and 
percent of direct care RNs with specialty nursing certification. 
 The three datasets were merged into an integrated dataset using key variables 
including patient MRN, department ID, CAUTI diagnosis date, and NDNQI reported 
quarter. The data in the integrated dataset were preprocessed and transformed using two 
software; SQL and Python. The classification modeling was carried out using the Weka 
program. A cost-sensitive classifier was used to correct unbalanced data. Predictive 
models using DT, LR, and SVM were developed and compared to find the best predictive 
model for CAUTI using discrimination ability and clinical interpretability.  
 In the following chapter, the process of creating an integrated dataset from 
multiple data sources for machine learning tasks will be described. Then, the study results 
from each aim and the best predictive model will be explained.   
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CHAPTER IV 
RESULTS 
Introduction 
The overall purpose of this study was to develop a predictive model for hospital-
acquired CAUTIs using an EHR and nurse staffing data from three data sources. The 
specific aims of this study were to 1) Create a quality, de-identified dataset combining 
multiple data sources for machine learning tasks, and 2) Develop and evaluate predictive 
models to find the best predictive model for hospital-acquired CAUTIs. Chapter 3 
described the data mining methods to address each of the study aims and selected 
attributes for analysis. This chapter describes the data analysis findings for each aim. 
To address the first aim of the study, the steps in creating an integrated dataset are 
described. Following is a description of the data preparation process. Then, the 
characteristics of the data and final attributes for data analysis are presented. The figures 
present each step of the data preprocessing, creating a flat file, and final attributes for 
analysis.  
To address the second study aim, predictive modeling results were used. The data 
mining methods of decision trees (DTs), logistic regression (LR), and support vector 
machines (SVMs) were used for the modeling; then the results were compared to 
determine the best predictive model for the hospital-acquired CAUTIs. The evaluation 
criteria were predictive performance ‒ number of false negatives, accuracy, sensitivity, 
specificity, precision, and area under the Receiver operating characteristic (ROC) curve ‒ 
and clinical interpretability. 
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Aim One: Create a Quality, De-identified Dataset Combining Multiple Data Sources for 
Machine Learning Tasks 
The first aim of this study was to create a quality, de-identified dataset combining 
multiple data sources for machine learning tasks. Dataset 1, extracted from the University 
of Minnesota Academic Health Center Information Exchange (the UMN AHC-IE 
dataset), includes Intensive Care Unit (ICU) patient data from the UMN data warehouse. 
Dataset 2, the National Database of Nursing Quality Indicators (NDNQI) from the 
University of Minnesota Medical Center (the UMMC-NDNQI dataset), includes nurse 
staffing data. Dataset 3 includes a list of patients who acquired CAUTIs in the ICUs at 
UMMC (the UMMC- ICU CAUTI dataset).  
Creating an Integrated Dataset  
To create an integrated dataset from the three different data sources, data were 
extracted and then mapped using shared key components. First, selected attributes in the 
UMN AHC-IE dataset were linked with each other using patient medical record numbers 
(MRN) and master service IDs. Because data in the UMN AHC-IE dataset were delivered 
in multiple tables, tying the attributes in the UMN AHC-IE dataset was the first step 
before mapping this dataset to other datasets. A master service ID represents a unique 
type of encounter such as hospitalization or clinic. In this dataset, a master service ID was 
used as a unique hospitalization with admission and discharge dates. Once those data 
from the UMN AHC-IE dataset were prepared, the dataset was mapped to the UMMC-
ICU CAUTI dataset, which contained patient MRNs, department IDs, and CAUTI 
diagnosis dates. Patient MRN and department IDs were used because they were the 
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shared key attributes. Because a patient could have multiple hospitalizations, ‒ which 
means one patient MRN could be linked to multiple hospitalizations ‒, the CAUTI 
diagnosis date in the UMMC-ICU dataset was used to determine when the CAUTI 
occurred among the multiple hospitalizations.  
For example, if a patient had multiple hospitalizations A, B, and C in different 
periods ‒01/01/2012 - 02/01/2012 [A], 08/01/2013 - 09/01/2013 [B], and 11/01/2014 - 
12/01/2014 [C] ‒and the patient was listed on the UMMC-ICU CAUTI dataset which 
indicated that the patient had been diagnosed as CAUTI in ICU. The patient’s CAUTI 
diagnosis date (e.g. 08/23/2013) in the UMMC-ICU CAUTI dataset was within 
hospitalization B period. In this case, only hospitalization B would be mapped to 
UMMC-ICU CAUTI dataset as CAUTI diagnosis of Yes, and other hospitalizations A 
and C would be mapped as CAUTI diagnosis of No. Table 4.1 visually shows how 
UMMC AHC-IE and UMMC-ICU CAUTI datasets were mapped. 
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Table 4.1.  
Mapping UMN AHC-IE and UMMC-ICU CAUTI datasets 
Data 
Source 
UMN AHC-IE UMN AHC-IE UMN AHC-IE UMN AHC-IE  
 
UMMC-ICU 
CAUTI 
 
UMMC-ICU 
CAUTI 
UMMC-ICU  
CAUTI 
Period of Hospitalization 
(Admission- Discharge) 
Patient MRN 
Patient Data 
(Gender, age, 
etc.) 
Department ID 
CAUTI Diagnosis Date within 
the Period of Hospitalization 
(→ CAUTI Diagnosis Y/N) 
H-1 DD/MM/YY P-1 Patient Data Department A DD/MM/YY No 
H-2 DD/MM/YY P-1 Patient Data Department A DD/MM/YY Yes 
H-3 DD/MM/YY P-1 Patient Data Department B DD/MM/YY No 
H-4 DD/MM/YY P-2 Patient Data Department C DD/MM/YY Yes 
H-5 DD/MM/YY P-3 Patient Data Department B DD/MM/YY Yes 
H-6 DD/MM/YY P-3 Patient Data Department B DD/MM/YY No 
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Periods of hospitalization are shown using admission and discharge date. Since a patient (e.g. P-1) may have several  
hospitalizations with different periods, each hospitalization was labeled differently (e.g. H-1, H-2, and H-3). The CAUTI diagnosis 
date in the UMMC-ICU CAUTI dataset was used to see if the diagnosis date was within the period of hospitalization. If the date was 
within the period of hospitalization, it was considered as “CAUTI Diagnosis – Yes”. If the date was not within the period of 
hospitalization, or the patient was not listed in the UMMC-ICU CAUTI dataset, it was considered as “CAUTI Diagnosis – No”. 
Figure 4.1 shows all linkages of attributes in UMN AHC-IE using unified modeling language (UML) diagram. The UML diagram is a 
modeling language, provides a general way to visualize the design of a system.  
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Figure 4.1. The UML Diagram of the UMN AHC-IE dataset.
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          The quarterly reported NDNQI data from the UMMC-NDNQI dataset was linked 
to the previous two datasets ─ UMN AHC- IE and UMMC-ICU CAUTI datasets ─ using 
the quarterly reported date and department IDs. For example, patient hospitalizations that 
occurred from January 1, 2013, to February 20, 2013, were linked to the NDNQI data for 
the 1st quarter of 2013. Mapping the two datasets with the UMMC-NDNQI set resulted 
in a larger sample (n = 11,226); this was because some people had stayed in different 
ICUs during one hospitalization. Therefore, in the final integrated dataset, there was a 
unique number of total admissions (n = 11,226), and a unique ICU admission was the 
unit of analysis.  
          Two software products were used for to create the dataset. SQL was used to export 
and map the UMN AHC-IE and UMMC-ICU CAUTI datasets and Python software to 
map those datasets with the UMMC-NDNQI dataset and preprocess the data. After all the 
datasets were mapped, Python produced an integrated dataset that was tailored to the 
Weka software used for Aim 2 of the study. Table 4.2 shows the structure of the final 
integrated dataset.  
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Table 4.2.  
Mapping UMN AHC-IE, UMMC-ICU CAUTI, and UMMC-NDNQI datasets ─ The final integrated dataset 
Data 
Source 
UMN  
AHC-IE 
UMN  
AHC-IE 
UMN  
AHC-IE 
 
UMN  
AHC-IE 
  
  
UMMC-ICU 
CAUTI 
UMMC-ICU  
CAUTI 
UMMC-ICU 
CAUTI 
  
    
UMMC- 
NDNQI 
UMMC- 
NDNQI 
UMMC- 
NDNQI 
Unique 
ICU 
Admission 
Hospitalization Patient Data Patient MRN 
CAUTI 
Diagnosis Y/N 
Department ID 
NDNQI 
Reported 
Quarter  
NDNQI Data 
1 H-1 Patient Data P-1 No Department A 2013_1Q NDNQI Data_A  
2 H-2 Patient Data P-1 Yes Department A 2013_3Q NDNQI Data_A 
3 H-2 Patient Data P-1 No Department B 2013_3Q NDNQI Data_B 
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4 H-3 Patient Data P-1 No Department B 2014_2Q NDNQI Data_B 
5 H-4 Patient Data P-2 Yes Department C 2013_2Q NDNQI Data_C 
6 H-5 Patient Data P-3 Yes Department B 2014_1Q NDNQI Data_B 
7 H-6 Patient Data P-3 No Department B 2015_1Q NDNQI Data_B 
 
             A unique ICU admission was the unit for analysis. There were some patients who had multiple hospitalizations. For example, 
a patient (e.g. P-1) had multiple hospitalizations (e.g. H-1, H-2, and H-3) in the record. During the hospitalization H-2, the patient had 
stayed in two different departments A and B. In this case, these two admissions were considered as separate admissions (unique ICU 
admission 2 and 3) because nursing care the patient provided and nurse staffing in each unit were different (NDNQI Data_A and 
NDNQI Data_B). Unique admission 2 and 3 indicated that hospitalization 2 in department A was related to CAUTI event (CAUTI 
Diagnosis Yes), whereas hospitalization 2 in department B did not have influence on CAUTI event (CAUTI Diagnosis No). 
Individual-level patient data were mapped with department-level nurse staffing data. That is, if a patient was hospitalized in 
department A during the 1st quarter of 2013, the patient data would be mapped with nurse staffing data in department A during 1st 
quarter of 2013. Figure 4.2 shows all linkages of attributes in the integrated dataset using UML diagram.  
 
 95 
 
 
Figure 4.2. The UML diagram of the integrated dataset. 
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Data Preprocessing and Transformation 
While preprocessing the data, missing values were found in the following 
attributes: race, immunosuppressive agents, lab results, pre-existing urinary catheter, and 
rationale for continued use of catheter. Missing values in the “race” variable were 
considered as unknown and moved to the unknown category. Missing values in 
“immunosuppressive agents” variable were investigated in detail, and the names of any 
medications administered to the patient were reviewed. If the detailed medication names 
include known immunosuppressive agents such as Cyclosporine and Mycophenolate, 
then the value was considered as “yes.” Otherwise, it was considered as “no.” Missing 
values in lab results—WBC and glucose—were considered as “no.” Because these lab 
results were critical, it could be assumed that a “yes” result should have been recorded. 
Missing values in “pre-existing indwelling urinary catheter” were imputed using the k-
nearest neighbors (k-NN) algorithm which is widely used to classify new cases based on 
a similarity of available cases (Seidl & Kriegel, 1998). In this algorithm, k is the number 
of nearest neighbors that the algorithm uses to find similarity for prediction of a new 
case. Therefore, missing values in pre-existing indwelling urinary catheter were re-
classified based on the characteristics of nearest neighbors (k=5). Missing data values in 
“rationale for continued use of catheter” were considered as “no,” because otherwise the 
reason would have been stated. There were no missing values in other variables.  
All categorical data were transformed into binary format because logistic 
regression (LR) in Weka outperforms when the data format is either binary or numeric. 
Therefore, age was divided into four different groups: young adult (18 ≤ and ≤ 35), 
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middle-aged adult (36 ≤ and ≤ 55), young-old adult (56 ≤ and ≤ 74), and old-old adult (75 
≤).  The Charlson comorbidity index score was divided into three groups: score 0, score 
1–2, and score ≥ 3. 
Characteristics of Data 
The data for adult patients admitted between January 1, 2012, and June 30, 2015, 
to any of three ICUs ─ Medical ICU (MICU), Surgical ICU (SICU), and Cardiovascular 
ICU (CVICU) ─ at the UMMC were extracted from the data shelter. The total number of 
patients in the three ICUs during the time period was 8,496, and total unique 
hospitalizations were 10,420. There were 1,292 patients with multiple hospitalizations. 
Therefore, demographic characteristics are reported for hospitalizations (n= 10,420). 
The outcome variable in this study refers to patients who acquired a CAUTI 
during hospitalization between January 1, 2012, and June 30, 2015 at one of three 
UMMC ICUs; whose patient MRN appeared on the list of patients having CAUTIs in the 
ICUs; and, who did not have a CAUTI/ UTI when admitted. A CAUTI was present for a 
small proportion (0.5%, n= 55) of the hospitalizations.  
Using the integrated dataset that was created, the characteristics of each attribute 
are described. The summary of the characteristics for each attribute is displayed in Table 
4.3.  
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Table 4.3.  
Summary of the characteristics for each attribute 
Attributes # (%) 
CAUTI Diagnosis Yes 
(%) 
Age 
Young Adult (18 ≤ and ≤ 35) 
Middle-aged Adult (36 ≤ and ≤ 55) 
Young-old Adult (56 ≤ and ≤ 74) 
Old-old Adult (75 ≤) 
 
1,220 (11.7) 
3,081 (29.6) 
4,569 (43.8) 
1,550 (14.9) 
 
2 (3.6) 
12 (21.8) 
32 (58.2) 
9 (16.4) 
Race 
White 
Non-White 
Unknown 
 
8,568 (82.2) 
1,224 (11.8) 
628 (6.0) 
 
48 (87.3) 
7 (12.7) 
0 
Gender 
Male 
Female 
 
4,592 (44.1) 
5,828 (55.9) 
 
21 (38.2) 
34 (61.8) 
Immunosuppression Y- 967 (9.3) 
N- 9,453 (90.7) 
4 (7.3) 
51 (92.7) 
Surgical Procedure History Y- 9,331 (89.5) 
N- 1,089 (10.5) 
55 (100%) 
0 (0) 
Lab Result – White Blood Cell Y- 13 (0.1) 0 (0) 
99 
    
 
(WBC < 4,500 – Y /N) N- 10,407 (99.9) 55 (100%) 
Lab Result – Glucose 
(Glucose > 200 – Y /N) 
Y- 3,828 (36.7) 
N- 6,592 (63.3) 
32 (58.2) 
23 (41.8) 
Length of Stay 1-10 
11-20 
21-30 
31-40 
41-50  
51-60 
61-70 
71-80 
81-90 
91-100 
101-110 
111-120 
121+ 
6,909 
(0.7)  
2,117 
(0.2) 
736 (0.1) 
311 (0) 
138 (0) 
89 (0) 
57 (0) 
20 (0) 
15 (0) 
6 (0) 
9 (0) 
5 (0) 
8 (0) 
6 (10.9) 
17 (30.9) 
13 (23.6) 
7 (12.7) 
3 (5.5) 
0 (0) 
2 (3.6) 
2 (3.6) 
1 (1.8) 
2 (3.6) 
1 (1.8) 
0 (0) 
1 (1.8) 
Charlson Comorbidity Score 
Charlson Score = 0 
Charlson Score = 1–2 
 
1,859 (17.8) 
3,433 (33.0) 
 
6 (10.9) 
18 (32.7) 
100 
    
 
Charlson Score ≥ 3 5,128 (49.2) 31 (56.4) 
Hospitalization within 6 Previous 
Months 
Y- 8,649 (83.0) 
N- 1,771 (17.0)  
39 (70.9) 
16 (29.1) 
Pre-existing Catheter Y- 774 (7.4) 
N- 9,646 (92.6) 
11 (20.0) 
44 (80.0) 
Rationale for Continued Use of 
Catheter 
Y- 4,202 (40.3) 
N- 6,218 (59.7) 
51 (92.7) 
4 (7.3) 
Total Nursing Hours per Patient 
Day 
MICU- 20.61 
SICU- 18.95   
CVICU- 20.49  
 
Total RN hours per Patient Day MICU- 17.39  
SICU- 16.27  
CVICU- 18.30 
 
Percent of Direct Care RNs with 
Associate’s Degree Nursing 
MICU- 18.67  
SICU- 20.53  
CVICU- 21.68 
 
Percent of Direct Care RNs with 
BSN, MSN, or PhD 
MICU- 74.92 
SICU- 74.28  
CVICU- 71.85 
 
Percent of Direct Care RNs with MICU- 18.29  
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Specialty Nursing Certification SICU- 21.81  
CVICU- 37.88 
 
Age. Catheter-associated urinary tract infections in young-old adult group showed 
the highest frequency (58.2%, n=32), whereas CAUTI in young adult group was least 
frequent (3.6%, n=2). 
Race. The majority of the population was white (82.2%), and 87.3% of the 
CAUTIs (n = 48) occurred in the white population. 
Gender. The results showed that out of 10,420 hospitalizations, 44% of patients 
were female and 56% were male. Despite a lower percent of females, 61.8% of the 
CAUTIs occurred among the females (n = 34).  
Immunosuppression. Most of the population (90.7%) was not immunosuppressed, 
and most of the CAUTIs (92.7%, n = 51) occurred in the population who was not 
immunosuppressed. 
Surgical Procedure History. The majority of the population, 89.5%, had a history 
of a surgical procedure, and CAUTIs occurred only in patients with a surgical procedure 
history.   
Lab Result – WBC. Nearly all participants, 99.9%, had WBC counts higher than 
4,500 cells/mcL, and 100% of these patients experienced a CAUTI. 
Lab Result – Glucose. Most of the population (63.3%) either had no glucose level 
reported or glucose level lower than 200mg/dl. Over half (58.2%, n=32) of the CAUTIs 
occurred in the population where patients had glucose level higher than 200mg/dl. 
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Length of Stay. Nearly two-thirds, 66.3%, of the population had hospital stays of 
10 days or fewer, and 86.6% stayed in the hospital for fewer than 20 days. Almost half, 
41.8%, of CAUTIs (n = 23) occurred for hospital stays fewer than 20 days.  
Charlson Comorbidity Index Score. A total of 17.8% of the population had 
Charlson comorbidity index scores equal to 0, 33% of the population had the scores 1–2, 
and 49.2% of the population had the scores greater than or equal to 3. Most CAUTIs 
(56.4%) occurred in the population with Charlson Comorbidity Index scores greater than 
or equal to 3.  
Hospitalization within 6 Previous Months. The great majority (83%) of the 
population had previous hospitalization within 6 months, and most CAUTIs (70.9%, n = 
39) occurred in this population. 
Pre-existing Catheter. The majority of the population (92.6%) did not have a pre-
existing indwelling catheter when they were admitted. A total of 80.0% of CAUTIs 
occurred in the population where patients did not have pre-existing indwelling catheter. 
Rationale for Continued Use of Catheter. Over half of the population, 59.7%, 
either had no data reported or did not have a rationale for continued use of an indwelling 
catheter. The majority, 92.7%, of CAUTIs occurred in the population who did have a 
rationale for using a catheter. 
The characteristics of each unit’s quarterly nurse staffing data are presented in the 
following. 
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Total Nursing Hours per Patient Day. The average total nursing hours per patient 
day during the 1st quarter of 2012 – 2nd quarter of 2015 in MICU was 20.61, SICU was 
18.95, and CVICU was 20.49 (See Figure 4.3). 
 
Figure 4.3. Total nursing hours per patient day. 
Total RN Hours per Patient Day. The average total RN hours per patient day 
during the 1st quarter of 2012 – 2nd quarter of 2015 in MICU was 17.39, SICU was 16.27, 
and CVICU was 18.30 (See Figure 4.4).  
 
Figure 4.4. Total RN hours per patient day. 
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Percent of Direct Care RNs with Associate’s Degree Nursing. The average 
percent of direct care RNs with associate’s degrees in nursing during the 1st quarter of 
2012 – 2nd quarter of 2015 in MICU was 18.17, SICU was 20.53, and CVICU was 21.68 
(See Figure 4.5). 
 
Figure 4.5. Percent of direct care RNs with associate’s degrees in nursing. 
Percent of Direct Care RNs with BSN, MSN, or PhD. The average percent of 
direct care RNs with BSN, MSN, or PhD during the 1st quarter of 2012 – 2nd quarter of 
2015 in MICU was 74.92, SICU was 74.28, and CVICU was 71.85 (See Figure 4.6). 
 
Figure 4.6. Percent of direct care RNs with BSN, MSN, or PhD. 
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Percent of Direct Care RNs with Specialty Nursing Certification. The average 
percent of direct care RNs with specialty nursing certification during the 1st quarter of 
2012 – 2nd quarter of 2015 in MICU was 18.29, SICU was 21.91, and CVICU was 37.88 
(See Figure 4.7). 
 
Figure 4.7. Percent of direct care RNs with specialty nursing certification. 
Because of the skewed distribution of CAUTI events in the patient population, 
some attributes had no variance. For example, all patients had WBC counts of over 4,500 
cells/mcL; all patients with a CAUTI had a history of a surgical procedure; more than 
90% of patients with a CAUTI were white; and there was little variation in total RN 
hours per patient day. Therefore, WBC lab results, surgical procedure history, race, and 
total RN hours per patient day were removed for the final data analysis.  
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Final Attributes for Data Analysis  
Table 4.4 shows the final attributes for the data analysis. 
Table 4.4.  
Final Attributes for Analysis* 
Attributes Data 
Format 
Attributes Data 
Format 
Young Adult (18 ─ 35) Binary Charlson Score = 0 Binary 
Middle-aged Adult (36 ─ 55) Binary Charlson Score = 1–2 Binary 
Young-old Adult (56 ─ 74) Binary Charlson Score ≥ 3 Binary 
Old-old Adult  (75 +) Binary Hospitalization within 6 
Previous Months 
Binary 
Gender Binary Rationale for Continued Use of 
Catheter 
Binary 
Immunosuppression Binary Lab Result – Glucose Binary 
Pre-existing Catheter Binary Length of Stay Numeric 
Total Nursing Hours per 
Patient Day 
Numeric Percent of Direct Care RNs with 
Associate’s Degree Nursing 
Numeric 
Percent of Direct Care RNs 
with Specialty Nursing 
Certification 
Numeric Percent of Direct Care RNs with 
BSN, MSN, or PhD 
Numeric 
* Definition for variables are listed in Chapter 3. 
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Aim Two: Developing and Evaluating Predictive Models to Find the Best Predictive 
Model for Hospital-Acquired CAUTI 
Using the final attributes, predictive models were developed; the evaluation and 
comparison criteria were (a) number of false negatives, (b) accuracy, (c) specificity, (d) 
sensitivity, (e) the area under the ROC curve, and (f) clinical interpretability. The number 
of false negatives refers to the number of patients who were classified as not having a 
CAUTI but did have CAUTI; false negatives are especially important in clinical settings 
because they prevent patients who need acute treatment from receiving proper care. 
Therefore, having less false negative value was preferred. The accuracy reflects a 
model’s overall performance. Generally, accuracy is the higher the better. However, 
because of skewed number of true positives and true negatives, the portion of correctly 
classified true positives was not much reflected in the overall accuracy. Therefore, the 
accuracy was used as a minimum threshold for a model (75.00%). Both sensitivity and 
specificity are used to measure true positive rates from models. The area under the ROC 
curve indicates a model’s performance; it is acceptable when it is over 0.7 (Redon et al., 
2010).  Clinical interpretability is also important because part of the purpose of this study 
was to discover new knowledge on hospital-acquired CAUTIs for clinical care.  
The predictive models were developed using the following machine learning 
techniques: decision tree (DT), logistic regression (LR), and support vector machine 
(SVM). Although the result of SVM model was difficult to interpret, the model was 
included to compare the predictive performance with other two interpretable models. 
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Developing the Predictive Models   
 Three machine learning techniques were used to find the best predictive model for 
the study: decision tree (DT), logistic regression (LR), and support vector machine 
(SVM). Because there is a critical gap between the number of patients with CAUTIs and 
patients without CAUTIs in population, unbalanced classes had to be corrected. To 
counter class imbalance, a cost-sensitive classification method was used. Cost-sensitive 
classification uses misclassification costs as a penalty to counter class imbalance 
(Greiner, Grove, & Roth, 2002). The goal of this approach is to minimize the cost. Most 
classification algorithms tend to minimize the error rate regardless of misclassification 
errors ─ false negatives or false negatives ─ and treat the error equally. However, cost-
sensitive classification in this study gives much higher cost (penalty) to misclassifying 
false negative than to false positives, to correct the imbalance of the data. Therefore, 
there was a need to find the optimal cost for the predictive models. Different cost values 
for the classifier were examined. 
 Cost-sensitive classifiers. To find the optimal cost for the model, different values 
(100, 200, and 300) were tested; Table 4.5 shows the results. The number of true 
positives (TP), false negatives (FN), false positives (FP), and true negatives (TN) are 
reported. The number of false negatives and accuracy were compared to select the most 
appropriate cost.  
 The number of patients who did not have CAUTI was 10,365 and the number of 
patients who had CAUTI was 55. The ratio was approximately 190:1. Therefore, the 
testing costs were determined around 200. The study used stratified tenfold cross-
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validation. In this procedure, the data are divided randomly into 10 approximately equal 
partitions; each portion is then used for testing, while the remainder are used for training 
(Witten et al., 2011). This procedure is repeated 10 times so that each instance has been 
used once for testing.  
Table 4.5.  
The result of comparing different costs in modeling 
Cost  
100 
TP, FN, 
FP, TN 
Accurac
y 
(%) 
Cost 
200 
TP, FN, 
FP, TN 
Accurac
y 
(%) 
Cost 
300 
TP, FN, 
FP, TN 
Accuracy 
(%) 
DT TP:33 
 FN:34 
FP:1720 
TN:9439 
84.38  TP:54 
 FN:13 
FP:2695 
TN:8464 
75.87  TP: 56 
 FN:11 
FP:2869 
TN:8290 
74.35 
LR TP:43 
 FN:24 
FP:1756 
TN:9403 
84.14  TP:50 
 FN:17 
FP:2696 
TN:8463 
75.83  TP:55 
 FN:10 
FP:4000 
TN:7928 
71.11 
SVM TP:43 
 FN:24 
FP:1967 
TN:9192 
82.26  TP:54 
 FN:13 
FP:3186 
TN:7973 
71.50  TP:57 
 FN:10 
FP:4000 
TN:7159 
64.28 
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Results were compared for each of the costs. When the cost (penalty) was low, 
e.g. 100, the accuracy tended to be high. This was effective modeling in terms of overall 
accuracy, however, the model emphasized reduction of FP rather than FNs. Higher cost 
(penalty), e.g. 300, lowered the number of FNs. Instead of reducing the number of FPs, 
the models focused on reducing the number of FNs. Therefore, the accuracy became 
lower. The number of FNs was lowest when the cost was 300; however, the accuracy of 
all three models was below 75.0%. Therefore, cost was set to 200 for each classification 
modeling because 200 had the fewest possible false negatives.  
 Decision trees. Weka supports a number of DT models such as J48, RepTree, and 
BFTree. Among them, BFTree showed the best performance in terms of accuracy and the 
number of FNs. BFTree creates a decision tree using a best-first expansion of nodes 
(Witten et al., 2011). Best-first method explores all attributes and sorts them in order of 
the performance, and finds the most promising node. A heuristic search was used for 
binary split for nominal attributes. A heuristic function is used to search available 
information at each branching step to decide which node to follow. The Gini index (Gini 
impurity) was used for splitting criterion. The Gini index measures how often a randomly 
chosen element from the training set would be incorrectly labeled. The model used a 
post-pruning strategy on finding the best number of trees. The post-pruning operates after 
recursive splitting of DTs, and selects sub-trees that have the best validation accuracy 
with the smallest number of leaves (Osei-Bryson, 2007). The result from BFTree 
modeling is shown in Figure 4.8. 
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Figure 4.8. Model results from BFTree.
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According to the BFTree results, the following were observed for the patients diagnosed 
with CAUTI: 
1) If a patient was female, did not have a valid reason for continued use of 
catheter, stayed in a unit where total nursing hours per patient day was less than 
18.71, and stayed in the hospital between 4.5 and 5.5 days, then the patient was 
likely to have a CAUTI. 
2) If a patient was female, had a valid reason for continued use of the catheter, 
patient stayed in the hospital between 5.5 and 13.5 days, stayed in a unit where 
the percent of direct care RNs with BSN, MSN, or PhD was more than 72.15%, 
and stayed in a unit where total nursing hours per patient day was less than 21.04, 
then the patient was likely to have a CAUTI. 
3) If a patient stayed in the hospital more than 13.5 days, did not have a valid 
reason for continued use of catheter, stayed in a unit where the percent of direct 
care RNs with specialty nursing certification was less than 12.77%, and was 
female, then the patient was likely to have a CAUTI.  
4) If a patient stayed in the hospital more than 13.5 days, had a valid reason for 
continued use of catheter, and stayed in a unit where total nursing hours per 
patient day was less than 21.94, then the patient was likely to have a CAUTI.   
 Length of stay, gender, rationale for continued use of catheter, total nursing hours 
per patient day, percent of direct care RNs with specialty nursing certification, and 
percent of direct care RNs with BSN, MSN, or PhD, were used in modeling; thus, these 
factors were related to CAUTI occurrence.  
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 Logistic regression. Table 4.6 shows each attribute’s odds ratio (OR). The odd 
ratios show the magnitude of each attribute’s contribution in modeling. Weka does not 
report confidence intervals (CIs) or p-value for each attribute; instead, the program 
provided an overall average CI, which was 95% to compare the predictive models.   
Table 4.6.  
Odds Ratios of Attributes from the Logistic Regression 
Attributes ORs Attributes ORs 
Young Adult 0.29 
Hospitalization within Previous 6 
Months 
0.65 
Middle-aged Adult 0.69 Length of Stay 1.07 
Young-old Adult 1.59 Lab Result – Glucose > 200 mg/dl 1.13 
Old-old Adult 1.51 Pre-existing Urinary Catheter 0.57 
Male Gender 0.21 Rationale for Continued Use of Catheter 14.96 
Immunosuppression 0.27 Total Nursing Hours per Patient Day 0.83 
Charlson Index Score = 0 0.94 
Percent of Direct Care RNs with 
Associate’s Degree in Nursing 
1.04 
Charlson Index Score = 1–2 0.96 
Percent of Direct Care RNs with BSN, 
MSN, or PhD 
1.04 
Charlson Index Score ≥ 3 1.07 
Percent of Direct Care RNs with 
Specialty Nursing Certification 
0.99 
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 Attributes with OR > 1 are associated with higher risk of CAUTI, whereas 
attributes with OR < 1 are associated with lower risk of CAUTI (Scotia, 2010). The 
factors associated with a higher risk of CAUTI are: Young-old adult, old-old adult, 
Charlson comorbidity index score ≥ 3, length of stay, glucose lab result higher than 200 
mg/dl, present of rationale for continued use of catheter, percent of direct care RNs with 
associate’s degree in nursing, and the percent of direct care RNs with BSN, MSN, or 
PhD. The factors associated with lower risk of CAUTI are: Young adult, middle-aged 
adult, male gender, immunosuppression, Charlson index score ≤ 2, hospitalization within 
previous 6 months, pre-existing urinary catheter, total nursing hours per patient day, and 
percent of direct care RNs with specialty nursing certification. 
  Support vector machines. SVM model uses a “black-box” approach, which means 
the decisions during the process are unknown and not easily explainable (Barbella et al., 
2009). However, SVM model shows robust performance in classification and is widely 
used in machine learning tasks (Meyer & Wien, 2015; Westra et al., 2011). Therefore, 
SVM model was included in this study to compare the performance with other 
interpretable models. Support vector machines in this study used linear kernel function 
that leads to a linear decision hyperplane. The output of SVM model provides weights of 
each attribute. Although there is a limitation in terms of interpretation, the attribute 
weight indicates the attribute’s relevance for modeling. That is, having larger absolute 
value for the weight means that the attribute is relatively important in discrimination of 
the two classes (Chang & Lin, 2008). The attributes with a positive weight contribute to 
115 
 
 
the classification of CAUTI as Yes, whereas negative weighted attribute contribute to 
CAUTI as No. The table 4.7 shows the weights of each attribute. 
Table 4.7.  
The weights of each attribute from the SVM model 
Attributes Weights Attributes Weights 
Young Adult -0.65 Hospitalization within Previous 6 
Months 
-0.48 
Middle-aged Adult -0.03 Length of Stay 7.03 
Young-old Adult 0.32 Lab Result – Glucose > 200 
mg/dl 
0.01 
Old-old Adult 0.35 Pre-existing Urinary Catheter -0.64 
Male Gender -1.02 Rationale for Continued Use of 
Catheter 
1.96 
Immunosuppression -1.13 Total Nursing Hours per Patient 
Day 
-0.30 
Charlson Index Score = 0 0.13 Percent of Direct Care RNs with 
Associate’s Degree in Nursing 
0.46 
Charlson Index Score = 1–2 -0.18 Percent of Direct Care RNs with 
BSN, MSN, or PhD 
0.70 
Charlson Index Score ≥ 3 0.05 Percent of Direct Care RNs with 
Specialty Nursing Certification 
-0.01 
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 The SVM model had the fewest false negatives (n=13); however, its accuracy 
(71.47%) was the lowest among the three models. The SVM algorithm sacrificed 
accuracy and concentrated on classifying fewer false negatives.  
Model Evaluation  
Model evaluation and comparison used the number of false negatives, accuracy, 
sensitivity, specificity, precision, and the area under the ROC curve. The results of each 
model using the 200 cost are shown in Table 4.8. The cost was set to 200 for the 
modeling because 200 had the fewest possible false negatives. 
Table 4.8.  
Results from the Predictive Models 
Cost 
200 
Number 
of FN 
Accuracy 
(%) 
Sensitivity Specificity Precision 
ROC 
area 
Clinical 
Interpretability 
DT 
TP: 54 
FN: 13 
FP: 2695 
TN: 8434 
75.87 0.81 0.76 0.02 0.78 Yes 
LR 
TP: 50 
FN: 17 
FP: 2696 
TN: 8463 
75.83 0.75 0.76 0.02 0.85 Yes 
SVM 
TP: 54 
FN: 13 
FP: 3186 
TN: 7973 
71.50 0.80 0.71 0.02 0.76 No 
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The results showed that DT (BFTree) model had the highest reduction in FN 
(n=13), highest accuracy (75.87%) and sensitivity (0.81), and LR model had the largest 
area under the ROC curve (0.85). SVM model had the highest reduction in FN, tied with 
DT model. However, the accuracy of SVM model was below 75%. Also, DT model and 
LR model were clinically interpretable whereas SVM model was not. Since SVM model 
had accuracy below 75% and was not clinically interpretable, the results of DT and LR 
models were compared. The DT model showed better performance in reduction of FN, 
accuracy and sensitivity, and the LR model had larger area under the ROC curve. The 
specificity and precision were the same for both models. In terms of clinical 
interpretability, the result of DT model showed associated factors of CAUTI and 
relationship/interaction among those attributes. The results of LR model showed ORs of 
each attribute to represent risk factors of CAUTI.  
Conclusion 
The overall purpose of this study was to develop a predictive model for hospital-
acquired CAUTIs using an EHR and nurse staffing data from multiple sources. The 
specific aims of this study were to 1) Create a quality, de-identified dataset combining 
multiple data sources for machine learning tasks, and 2) Develop and evaluate predictive 
models to find the best predictive model for hospital-acquired CAUTIs. 
Three datasets—UMN AHC-IE, UMMC-NDNQI, and UMMC-ICU CAUTI—
were mapped into an integrated dataset for analysis. Patient MRNs, dates for 
hospitalization, hospitalized unit, CAUTI diagnosis date, and NDNQI reported date were 
used as the key components to link UMN AHC-IE, UMMC-NDNQI, and UMMC-ICU 
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CAUTI datasets. Two software programs, SQL and Python, were used to extract and map 
the datasets. The Python program produced the final integrated dataset that was suitable 
for data analysis in Weka. 
Predictive models were developed using three different data mining methods: DT 
(BFTree), LR, and SVM. Evaluation and comparison criteria were the number of false 
negatives, accuracy, sensitivity, specificity, precision, the area under the ROC curve, and 
clinical interpretability. The result showed that SVM model had the fewest false 
negatives (tied with DT model), but the accuracy was below 75%. Also, the SVM model 
result was difficult to interpret. Therefore, SVM model was ruled out for the best 
predictive model. The result from DT model showed the fewest FNs, with the highest 
accuracy and sensitivity. The result from LR model had larger area under the ROC curve. 
The values for specificity and precision were the same. In terms of clinical 
interpretability, the result of DT model showed associated attributes of CAUTI and 
relationships among them. The result of LR model presented individual OR for each 
attribute to show risk factors for CAUTI. Although both DT and LR models had 
strengths, the DT model showed better performance in three criteria (fewest FN, highest 
accuracy and sensitivity) and LR model showed better performance in one criterion 
(larger ROC curve). Therefore, the DT model was determined as the best model for this 
study. 
The DT results showed that length of hospital stay, female gender, rationale for 
continued use of catheter, pre-existing catheter, total nursing hours per patient day, 
percent of direct care RNs with specialty nursing certification, percent of direct care RNs 
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with BSN, MSN, or PhD, and Charlson comorbidity index score all contributed to 
CAUTI occurrence.  
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CHAPTER V 
DISCUSSION 
Nosocomial infections are closely related to patient outcomes such as morbidity 
and mortality, and higher costs of treatment. Urinary tract infections (UTI) are known as 
the most common type of nosocomial infections. The Centers for Disease Control and 
Prevention (CDC) estimated that most nosocomial UTIs occur in Intensive Care Units 
(ICUs) and are attributable to the use of indwelling urinary catheters. Studies and 
guidelines for catheter-associated UTI (CAUTI) prevention have existed for several 
years, but a recent report showed that CAUTI incidents have been increased and it is still 
prevalent nosocomial infections (Tambyah, 2015). Thus, there is a need to discover 
additional factors that may be related to CAUTI. The Centers for Medicare and Medicaid 
Services (CMS) no longer reimburses hospitals for hospital-acquired conditions such as 
CAUTI, which has resulted in hospitals increasing their attention to nosocomial 
infections and focusing on implementing evidence-based guidelines. 
Catheter-associated urinary tract infections are one of the nursing-sensitive 
indicators because nurses are often responsible for the management of indwelling urinary 
catheters. In some studies, nurse-staffing related factors have influence on CAUTI 
(Hugonnet et al., 2007). Therefore, investigating more nurse-related factors that influence 
CAUTI occurrence was necessary. This study used data reported to the National 
Database of Nursing Quality Indicators (NDNQI), the collection of reliable nursing-
sensitive indicators on a large scale.  
 The adoption and use of electronic health records (EHRs) driven by the CMS 
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incentive program enabled collecting vast amounts of data enabling large-scale research. 
Several studies have reported a growing need for conducting clinical research using big 
data (Safran et al., 2007). Big data research using the EHRs is emerging as analytic 
methods for big data have been advanced and adopted in clinical fields.   
The variables related to CAUTI occurrence are diverse, and this diversity makes 
the impact of such variables inconsistent among studies. Traditional statistical methods 
have limitations in investigating interactions among many variables and providing in-
depth knowledge from large amount of data (Murdoch & Detsky, 2013; Zhao & Luan, 
2006). Big data research using EHRs has advantages in discovering new insights and 
knowledge for CAUTIs from copious data. 
To date, no studies have been found predicting hospital-acquired CAUTI using 
EHR and nurse staffing data through a big data research method. The overall purpose of 
this study was to develop a predictive model for hospital-acquired CAUTIs using data 
from multiple data sources. This study used existing EHRs from the University of 
Minnesota (UMN) Academic Health Center-Information Exchange (AHC-IE) Clinical 
Data Repository (CDR), NDNQI reported electronic data from the University of 
Minnesota Medical Center (UMMC), and the list of patients who were diagnosed as 
CAUTI in ICUs at the UMMC. The data from these multiple data sources were linked to 
an integrated dataset. The specific aims of this study were: 
Aim 1: Create a quality, de-identified dataset combining multiple data sources for 
machine learning tasks. 
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Aim 2: Develop and evaluate predictive models to find the best predictive model 
for hospital-acquired CAUTI. 
 The study used the knowledge discovery in databases (KDD) approach for data 
analysis. This big data research analytic method includes a data mining process that uses 
machine learning techniques to build predictive models. Three data mining techniques 
were examined and compared in this study: decision trees (DT), logistic regression (LR), 
and support vector machines (SVM). The evaluation criteria were the number of false 
negatives (FN), accuracy, sensitivity, specificity, precision, area under the ROC curve, 
and clinical interpretability. The results demonstrated that the prediction model using DT 
was the best model for the aim of this study.  
 In the following sections, the study results for each aims are discussed and 
conclusions are drawn from the study findings. Strengths and limitations of this study are 
described, and findings are linked to the conceptual framework of the study. Then 
implications for future study are discussed. 
Significant Findings and Relationship to Existing Literature 
Creating an Integrated Dataset 
Aim 1 of the study was to create a quality, de-identified dataset combining 
multiple data sources for machine learning tasks. Three datasets were combined for this 
study as previously described.  
The researcher acquired a limited EHR dataset from the UMN clinical data 
repository (the UMN AHC-IE dataset), which contained data for patient demographics, 
problem list, surgical history, diagnosis, admission/discharge date and time, encounter 
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information, lab information, medications, and flowsheets. The data were de-identified 
and the dataset was placed in the UMN data shelter. The NDNQI reported nurse staffing 
data (the UMMC-NDNQI dataset) and the list of patients who acquired CAUTIs in the 
three ICUs (UMMC-ICU CAUTI dataset) were also transferred to this UMN data shelter 
for mapping. 
Data preparation included preprocessing, transformation, and consolidating of 
data for analysis (Fayyad et al., 1996). As mentioned in previous studies (Pyle, 1999; 
Zhang, Zhang, & Yang, 2003), data preparation step required a considerable amount of 
time. Missing, misspelled, and inconsistent data were searched, adjusted, and corrected. 
To find the optimal format and interval for data transformation, multiple options were 
tested. Integration of three datasets comprised two steps. First, the data within the UMN 
AHC-IE and the UMMC-ICU CAUTI datasets were linked using the key variables 
including patient medical record number (MRN), department ID, and CAUTI diagnosis 
date. This step used Structured Query Language (SQL) for data extraction and 
combination. The second step was to map this merged dataset with the UMMC-NDNQI 
dataset using department ID and NDNQI reporting period. The Python program was used 
to preprocess the data and create the final integrated dataset for analytic software, Weka. 
Because creating an integrated dataset was carried out within the UMN secure 
data shelter, it was difficult to use outside resources such as additional machine learning 
packages supporting Python program. Using limited resource for the integration made the 
experience of data preparation challenging. Also, due to low computing power/capability 
of the data shelter, the process of data preparation and integration of datasets was slow. 
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When developing predictive models, cost-sensitive classification method was 
employed using 200 cost. This method was used to correct imbalanced data (Turney, 
1995). The proportion of patients with CAUTI to patients without CAUTI was 
approximately 1:190, therefore, 200 cost was considered as ideal value. Different costs 
were also tested, however, 200 cost showed the fewest FNs with highest accuracy 
possible. 
The outcome variable in this study referred to patients who acquired a CAUTI 
during hospitalization between January 1, 2012, and June 30, 2015, at one of three ICUs 
– Medical ICU (MICU), Surgical ICU (SICU), and Cardiovascular ICU (CVICU) – at 
UMMC; whose MRN appeared on the list of patients having CAUTIs in the ICUs; and 
who did not have a CAUTI/ UTI when admitted. 
The factors associated with CAUTI used for analysis from the UMN AHC-IE 
dataset were the following: age, gender, immunosuppression, glucose lab results, length 
of stay, Charlson comorbidity index score, hospitalization within 6 previous months, pre-
existing catheter, and rationale for continued use of catheter. The factors assoaciated with 
CAUTI for analysis from the UMMC-NDNQI dataset were total nursing hours per 
patient day, percent of direct care RNs with associate’s degree nursing, percent of direct 
care RNs with BSN, MSN, or PhD, and percent of direct care RNs with specialty nursing 
certification.  
Predictive Models 
The second aim of this study was to develop and evaluate predictive models to 
find the best predictive model for hospital-acquired CAUTI. To address this goal, 
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predictive models derived from three machine learning techniques were examined and 
the results were compared to determine the best predictive model for the hospital-
acquired CAUTIs. The evaluation criteria were predictive performance as well as clinical 
interpretability. Although the SVM model result was difficult to interpret, the model 
showed high predictive performance. Therefore, SVM model was included in the study to 
compare the performance with the other two interpretable models.  
Both DT and LR models were clinically interpretable, showing associated factors 
of hospital-acquired CAUTI. The DT model created rules that combine multiple 
variables, making it clear to interpret relationships among associated factors of CAUTI. 
The LR model result showed the effect of a single variable, indicating what factors were 
associated with a higher risk of CAUTI. 
Although the results from DT and LR models both had strengths, the DT model 
showed better performance in three criteria (reduction in FN, higher accuracy and 
sensitivity) and LR model showed better performance in one criterion (larger ROC 
curve). Number of FNs and accuracy were important criteria when evaluating the models 
in this study. Therefore, the DT model was determined as the best model for this study.  
Factors Associated with CAUTI 
The results from the DT and LR models explain what factors are associated with 
hospital-acquire CAUTI. The description of factors associated with CAUTI from the DT 
and LR model are followed. 
According to the DT model result, length of stay, gender, rationale for continued 
use of catheter, total nursing hours per patient day, percent of direct care RNs with 
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specialty nursing certification, and percent of direct care RNs with BSN, MSN, or PhD 
contributed in modeling. Thus, these factors were related to CAUTI occurrence.  
 The DT model results demonstrated that female gender, less total nursing hours 
per patient day (less than 18.71), and a low percent of direct care RNs with specialty 
nursing certification (less than 12.77%) was related to CAUTI occurrence. If a patient 
stayed more than 13.5 days, then the patient was likely to have a CAUTI even if the 
patient had a valid reason for continued use of catheter.  
 According to LR model result, the factors associated with a higher risk of CAUTI 
are: young-old and old-old adult, Charlson comorbidity index score ≥ 3, longer length of 
stay, glucose lab result higher than 200 mg/dl, presence of rationale for continued use of 
catheter, higher percent of direct care RNs with associate’s degree in nursing, and higher 
percent of direct care RNs with BSN, MSN, or PhD. The factors associated with lower 
risk of CAUTI are: Young adult, middle-aged adult, male gender, immunosuppression, 
Charlson index score ≤ 2, hospitalization within previous 6 months, pre-existing urinary 
catheter, total nursing hours per patient day, and percent of direct care RNs with specialty 
nursing certification. 
 An unexpected finding was that higher percent of direct care RNs with BSN, 
MSN, or PhD was related to CAUTI occurrence. According to DT model result, if a 
patient was female, had a valid reason for continued use of the catheter, the patient stayed 
in the hospital between 5.5 and 13.5 days, stayed in a unit where the percent of direct care 
RNs with BSN, MSN, or PhD was more than 72.15%, and stayed in a unit where total 
nursing hours per patient day was less than 21.04, then the patient was likely to have a 
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CAUTI. Perhaps, even though a unit had more than 72.15 % of direct care RNs with BSN 
or higher education, because total nursing hours per patient day was less than 21.04, the 
patient in that unit was likely to have a CAUTI. It is also possible that there was limited 
variation in the higher percent of direct care RNs with BSN, MSN, or PhD, resulting 
spurious finding. Another possible explanation is that because there were some patients 
with CAUTI in ICUs, nurses with BSN or higher education were needed to provide better 
care for patients with CAUTI. If that is the case, then the percent of direct care RNs with 
BSN, MSN, or PhD is not a risk factor for CAUTI but it is a result from the CAUTI 
occurrence in ICUs. Therefore, further investigation is needed with a larger sample size 
of patients with CAUTI. 
The results from DT and LR models both found that longer length of stay and 
presence of rationale for continued use of catheter were associated factors of hospital-
acquired CAUTI. Perhaps, although there was a valid reason for continued use of 
catheter, continued use of catheter contributed to CAUTI occurrence. 
The associated factors found from DT and LR models support the findings from 
previous studies. Previous studies presented that female gender (Tambyah et al., 1999), 
older age (>50) (Saint & Lipsky, 1999), longer length of stay (Leone et al., 2001), severe 
underlying disease (Tissot et al., 2001), and RN staffing (Kovner & Gergen, 1998) were 
the factors associated with CAUTI. This study adds new information that less total 
nursing hours per patient day, lower percent of direct care RNs with specialty nursing 
certification, and higher percent of direct care RNs with associate’s degree in nursing 
contributed to CAUTI occurrence.  
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Differences Between Patients with and without CAUTI 
Using the integrated dataset that was created, the characteristics of those who 
have CAUTI and those who do not have CAUTI were compared. The results were also 
compared with the findings from previous studies. 
Age. It was found from the literature that older age (>50) was a predictor of 
CAUTI (Tambyah et al., 1999). CAUTIs in young-old adult group (56 ≤ and ≤ 74) 
showed the highest frequency, whereas CAUTI in young adult group (18 ≤ and ≤ 35) was 
least frequent. The LR model showed that young-old and old-old adults had higher risk of 
CAUTI.  
Gender. Many previous studies have found that female gender is a predictor of 
CAUTI (Nicolle, 2012). The females acquired CAUTIs more than the males, even if 
there were more male patients. The DT model showed that female fender was related to 
CAUTI occurrence.  
Immunosuppression. Most of the CAUTIs occurred in the population who was not 
immunosuppressed. This is the opposite of the findings from previous studies (Tissot et 
al., 2001). Perhaps, this was because the majority of population (90.7%) was not in 
immunosuppression. 
Lab Result – Glucose. More CAUTIs occurred in the population where patients 
had glucose level higher than 200mg/dl. The LR model indicated that glucose lab result 
higher than 200 mg/dl was related to higher risk of CAUTI. This result is matched with 
the finding from previous studies that higher glucose level is associated with CAUTI 
(Hagerty et al., 2015).  
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Length of Stay. Previous studies have found that longer length of stay is 
associated with CAUTI (Leone et al., 2003). Despite the fact that majority of 
hospitalization was fewer than 20 days and almost half of CAUTIs occurred for hospital 
stays fewer than 20 days, both DT and LR models showed that longer length of stay was 
associated with hospital-acquired CAUTI. 
Charlson Comorbidity Index Score. More than half of the CAUTI incidents 
occurred in the population with Charlson Comorbidity Index score ≥ 3. The LR model 
showed that Charlson comorbidity index score ≥ 3 was related to higher risk for CAUTI. 
This result is congruent with previous findings that severe underlying illness is associated 
with CAUTI (Gould et al., 2010). 
Hospitalization within 6 Previous Months. More than two thirds of CAUTIs 
occurred in the population where patients had previous hospitalization within 6 previous 
months. Previous hospitalization is associated with CAUTI found from previous studies 
(Johansen et al., 2006). 
Pre-existing Catheter. Majority of CAUTI incidents occurred in the population 
where patients did not have pre-existing indwelling catheter. This may be because most 
of the population did not have pre-existing catheter.  
Rationale for Continued Use of Catheter. The majority of CAUTIs (92.7%) 
occurred in the population who had a rationale for using a catheter. Although there were 
more patients who did not have rationale for continued use of catheter, CAUTIs occurred 
in the population who had rationale. Perhaps, even if a valid reason exists for continued 
use of catheter, continued/longer use of catheter contributes to CAUTI occurrence. Both 
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DT and LR models found that presence of rationale for continued use of catheter was 
related to higher risk of CAUTI. 
Linking This Study to Theory 
Systems theory was used as the conceptual framework in this study for 
discovering new knowledge. The theory provided a way of organizing variables, and was 
not intended for hypotheses testing. Using the conceptual framework for literature review 
and modeling process allowed firm theoretical background for this study.  
   Known associated factors of hospital-acquired CAUTIs were categorized into 
four parts: patient factors, environmental factors, staff factors, interventions. In this study, 
patient and nurse staff factors were the inputs, hospital environment as the environment, 
and hospital-acquired CAUTIs as the output. Throughput, or specific interventions, were 
not measured in this study. 
According to the findings of this study, the input, patient factors including age, 
female gender, glucose lab results > 200 mg/dl, and Charlson comorbidity index score ≥ 
3, and nurse staffing factors including total nursing hours per patient day, percent of 
direct care RNs with specialty nursing certification, percent of direct care RNs with 
associate’s degree in nursing, and percent of direct care RNs with BSN, MSN, or PhD 
contributed to the output, CAUTI occurrence. Environmental factors such as longer 
length of stay and present of rationale for continued use of catheter also contributed to the 
output, CAUTI occurrence. 
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Strengths and Limitations of this Study 
One of the strengths of this study is the use of combination data from multiple 
sources. There is yet no research for a predictive model of hospital-acquired CAUTI 
using a combination of data from EHR and nurse staffing factors collected as part of the 
NDNQI submission. There were only a few studies in nursing used combination of data, 
especially EHRs and nurse staffing data. Combination of data from multiple sources 
enabled interoperable data use in a large scale and is useful to uncover new knowledge. 
In addition to EHRs and NDNQI submitted data, there are plenty of health data 
electronically available at national level, such as cancer statistics, national sample survey 
on RNs, or nursing home compare. This study demonstrated each step for integrating 
different datasets; therefore, the study can be a good example for future studies that use 
combined datasets. 
Another strength of this study is the use of big data. Big data often encompasses 
the meaning of three V’s including Volume, Variety, and Velocity (Gandomi & Haider, 
2015; Raghupathi & Raghupathi, 2014). Volume refers to the size and scale of data, 
variety refers to different formats/types of data, and velocity refers to generating rate and 
analyzing speed of data (Sagiroglu & Sinanc, 2013). This study used large amounts of 
data stored in the UMN data warehouse, with more than 2.4 million patient data. The 
forms of data content were diverse; admission date/time, nurse’s note, a choice list in 
flowsheets, NDNQI submitted nurse staffing data, and the list of patients who acquired 
CAUTIs in ICUs were the examples of various types of data. The use of electronic 
sensors and health monitors creates data in an unprecedented speed. Real-time health 
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information exchange enabled rapid interactions among care providers and patients. The 
predictive model developed in this study, when implemented in real setting, can predict 
or detect a patient at high-risk of CAUTI as early as possible. Immediate response and 
proper treatment can reduce CAUTI incidents. 
Another strength of this study is using cutting-edge analytic methods for 
knowledge discovery. Big data analytic method using machine learning techniques 
enabled investigating unknown patterns and relationships among the factors. Since there 
are many factors associated with hospital-acquired CAUTIs, it is important to look at 
each factor’s association in addition to the interactions of those factors. To date, there are 
not many studies that conducted nursing research using big data analytics. There is a 
growing need for nurses to discover new knowledge from the data generated from EHRs, 
to provide evidence-based care tailored to nursing practice. Also, being the nation’s 
largest health care profession (Health Resources and Services Administration, 2010), the 
use of EHR and big data analytics for nursing research can enhance visibility of the care 
that nurses provide.  
Also, the data preparation process strengthened this study. Data were thoroughly 
inspected, cleaned, transformed, and consolidated into an integrated data file for analysis. 
Although the work required significant amount of time and efforts, the data quality of 
final integrated dataset was satisfying.  
One of the limitations of this study was that the data collection was limited to a 
single health system. There may be an issue with generalizing the findings of this study in 
other regions.  
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Another limitation is skewed distribution of CAUTI patients. Although 
unbalanced data were corrected using cost-sensitive approach, using more patients with 
CAUTI would have improved the validity of outcome.  
Another limitation was about the data available for research in the UMN data 
shelter. The EHR in the UMN data shelter contains very large volumes of variable data. 
While some data were standardized and structured, a substantial amount of data was 
semi-structured or unstructured. This study did not use unstructured data such as text or 
provider’s notes. Using all the data documented in the EHRs would have provided more 
in-depth knowledge about hospital-acquired CAUTIs.  
Using secure data shelter provided high level of protection, but it also was a 
limitation. It was difficult to use outside resources such as additional machine learning 
packages supporting Python program. Also, due to low computing capability of the data 
shelter, the data preparation and analytic process was slow. 
Another limitation is related to diversity of factors related to hospital-acquired 
CAUTI. Although this study used several variables that were considered as the factors 
associated with CAUTI, there might have been other factors related to CAUTI. For 
example, nurses are mostly responsible for urinary catheter care, but physicians can also 
look at the catheter. Since infection is very sensitive to contact, physician factor (such as 
rounding frequency) may have influence on CAUTI occurrence. Also, urinary catheter is 
usually placed in an operating room. But there was no way in this study to investigate 
whether the placement was aseptic. In hindsight, there are additional variables that could 
strengthen future studies such as length of time that urinary catheter was in regardless of 
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reason, and length of ICU stay would have provided more information about CAUTI 
occurrence.  
The level of data was another limitation of this study. While patient data were 
individual level, nurse staffing data from NDNQI dataset were unit level. Individual 
nurse staffing data in a unit was collected and then unit average was reported to NDNQI. 
Therefore, a patient’s individual data was linked to the unit’s average nurse staffing data 
where the patient stayed. CAUTI is a nursing-sensitive outcome indicator, and is strongly 
influenced by care provided. It would have been accurate to look at individual nurse’s 
data mapping with patient data. However, nurses shift at least three times a day and a 
patient receives different care by several nurses. Also, it may take a couple of days to 
develop CAUTI, which means there may be number of nurses who contributed to CAUTI 
incident. Therefore, it might have been difficult to track which nurses’ characteristics 
have influenced patient outcome even if nurse’s data were individual level. 
Implications for Future Study and Translation to the Clinical Setting 
Implications for Future Research 
 The goal of this study was to develop a predictive model for hospital-acquired 
CAUTIs using EHRs and nurse staffing data from multiple data sources. An integrated 
dataset was created, predictive models were developed and compared, and factors related 
to CAUTI occurrence were found. Several suggestions for future studies can improve the 
efficacy of research process and validity of predictive models.  
 Future research is required with a larger sample with more patients with CAUTI 
to verify the results. This study was carried out in a single health system, using limited 
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number of patients with CAUTI. It would have enhanced reliability of the findings if 
there were more patients with CAUTI. 
Time would have been saved if terminologies were standardized in the datasets. 
For example, department IDs were recorded differently in UMN AHC-IE and UMMC-
ICU CAUTI datasets. These IDs were manually converted into standardized format. In 
case of the variable for Race, there were four ways to document “American Indian or 
Alaska Native”, which meant those four choices were considered as different answers for 
the Race. Searching and correcting unstandardized data slows the process and lowers 
research efficacy. Collecting and releasing data in a standardized format would greatly 
improve the quality of data extracted from EHRs for future research.  
The quality of NDNQI data was good and ready for research, because the data 
were cleaned before reporting to NDNQI. Significant amount of time and effort could 
have been saved if the EHR was preprocessed and integrated with other datasets such as 
nursing administrative data in a data warehouse, in which the linkages already exist.  
Future work is required in predictive modeling using LR. The analytic software, 
Weka, did not provide confidence intervals (CIs) and p-values for each attribute in LR 
model. There is a need for future study using different analytic software to look at 
detailed results of attributes for LR model. 
The findings from this study can be extended by future studies. Adding more 
factors associated with CAUTI, such as aseptic placement techniques or nurse-driven 
interventions, could provide new information about factors related to CAUTI. Comparing 
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patient outcomes among departments is also possible. Department tailored clinical 
guidelines would contribute to reduction of CAUTI occurrence.  
Research using other nursing-sensitive outcome indicators, such as pain or patient 
falls, can be another implication for future research. Nursing-sensitive outcome indicators 
depend on the quantity and quality of care nurses provide. Therefore, patient outcomes 
studies using these nursing-sensitive indicators would contribute to new knowledge 
building for nursing research. The NDNQI has standardized, quality nursing data at 
national level; this dataset can provide new insights about nursing care and nurses’ role in 
health care. 
Big data research using clinical data requires multiple expertise including health 
care, data bases, informatics, and computer science. Multidisciplinary efforts are needed 
as a team when conducting research using EHR to find the best data-driven model. 
I think you need one more paragraph that ties together NMDS (standardized 
nursing clinical data) NDNQI, NMMDS, and common data elements – this is a big 
informatics issue for inclusion of nursing data – evident in NDNQI and NMMDS but not 
in the CDE’s.  
Implications for Nursing Practice 
 Findings from this study have significant implications for nursing practice. The 
study result demonstrated that more direct care RN’s possession of specialty nursing 
certification, lower percent of direct care RNs with associate’s degrees in nursing, and 
more total nursing hours per patient day can contribute to reduction of CAUTI 
occurrence. The study results support findings from previous studies that nurse specialty 
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certification and nurse’s education at the baccalaureate level or higher are associated with 
better patient outcomes (Aiken et al., 2003; Bliss et al., 2013; Kendall‐Gallagher, Aiken, 
Sloane, & Cimiotti, 2011; Westra, Bliss, Savik, Hou, & Borchert, 2013; Wilkerson, 
2011). Nurses prepared with specialty certification can advocate patient health outcomes. 
The policies on future nurse workforce planning should aim at promoting baccalaureate 
or higher nursing education. The findings also suggest that more nursing hours are related 
to better patient outcome. Therefore, it is important to ensure that the supply of nurse 
workforce is sufficient for a quality care. 
The study has found that even if there were valid reasons for leaving in a urinary 
catheter, having a catheter more than 48 hours could contribute to CAUTI occurrence. 
Findings support removing urinary catheter as soon as possible; the American Nurses 
Association (ANA) suggests that the overuse of urinary catheters should be reduced, and 
the catheter should be removed per nurse-driven evidence-based protocols (ANA, 2016). 
Conclusion 
 Despite the fact that there are a number of clinical guidelines and studies about 
hospital-acquired CAUTIs, the rate of CAUTI occurrence is still rising. Review of 
previous literature addressed a gap in knowledge about the factors associated with 
hospital-acquired CAUTI. Hospitals are focusing on preventing hospital-acquired 
CAUTI, as the CMS does not provide payment for hospital-acquired infections anymore. 
Therefore, there was a need to explore additional factors associated with CAUTI and 
develop predictive model to detect patients at high risk. 
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 This study developed a predictive model for hospital-acquired CAUTIs using 
EHR and nurse staffing data from multiple data sources. Research using large amounts of 
data could provide additional knowledge about hospital-acquired CAUTI. To address the 
first aim of the study, three datasets were combined into an integrated dataset. All data 
were electronically available and securely contained in UMN data warehouse. After 
integrating the datasets, data were cleaned and prepared for analysis. For the second aim 
of the study, three predictive models were created using the following data mining 
method: DT, LR, and SVM. The models were evaluated and DT model was determined 
as the best predictive model for hospital-acquired CAUTI.  
 The findings from this study have presented factors associated with hospital-
acquired CAUTI. The study results demonstrated that female gender, old adult (≥56), 
Charlson comorbidity index score ≥ 3, longer length of stay, glucose lab result > 200 
mg/dl, present of rationale for continued use of catheter, higher percent of direct care 
RNs with associate’s degree in nursing, less total nursing hours per patient day, and lower 
percent of direct care RNs with specialty nursing certification was related to CAUTI 
occurrence. 
 Implications for future research include the use of different analytic software to 
investigate detailed results for LR model, adding more factors associated with CAUTI in 
modeling, using a larger sample with more number of CAUTI patients, and patient 
outcomes research using nursing-sensitive indicators. This study has important 
implications for nursing practice. According to the study results, nurse specialty 
certification, nurse’s education at the baccalaureate level or higher, and more nursing 
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hours per patient day were associated with better patient outcomes. Therefore, 
considerable efforts are needed to promote possession of nurse specialty certification and 
higher level of nursing education, as well as enough supply of nursing workforce. 
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